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Preface 



The international conference “Operations Research 2008”, the annual 
meeting of the German Operations Research Society (GOR), was held 
at the University of Augsburg on September 3-5, 2008. About 580 par- 
ticipants from more than 30 countries presented and listened to nearly 
400 talks on a broad range of Operations Research. 

The general subject “Operations Research and Global Business” stres- 
ses the important role of Operations Research in improving decisions 
in the increasingly complex business processes in a global environment. 
The plenary speakers Morris A. Cohen (Wharton School) and Bernd 
Liepert (Executive Board of KUKA Robotics) addressed this subject. 
Moreover, one of the founders of Operations Research, Saul Gass (Uni- 
versity of Maryland), gave the opening speech on the early history of 
Operations Research. 

This volume contains 93 papers presented at the conference, selected by 
the program committee and the section chairs, forming a representative 
sample of the various subjects dealt with at Operations Research 2008. 
The volume follows the structure of the conference, with 12 sections, 
grouped into six “Fields of Applications” and six “Fields of Methods 
and Theory”. This structure in no way means a separation of theory 
and application, which would be detrimental in Operations Research, 
but displays the large spectrum of aspects in the focus of the papers. Of 
course, most papers present theory, methods and applications together. 



Like at the conference, the largest number of papers falls into the Sec- 
tion “Discrete and Combinatorial Optimization” (11 papers) and into 
the Logistics Sections “Supply Chain and Inventory Management” (11 
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papers) and “Traffic and Transportation” (18 papers), which are closely 
related to the global business issue. The papers of the winners of the 
Diploma and Dissertation Awards have already been published in the 
OR News No. 34 of November 2008, edited by GOR. 

We would like to thank everybody who contributed to the great success 
of the conference, in particular the authors of the papers and all speak- 
ers of the conference, the program committee and the section chairs 
who have acquired the presented papers and refereed and selected the 
papers for this volume. 

Moreover, we express our special thanks to our staff members 
Dipl.-Wirtsch. -Inform. Oliver Faust, Dipl.-Kfm. Christoph Pitzl, Dipl.- 
Wirtsch. -Inform. Claudius Steinhardt, Dipl. -Math. oec. Thomas Worle 
and particularly to Marion Hauser and Dipl.- Wirt. -Inf. Ramin Sahamie 
for preparing the final manuscript of this volume. We are grateful for 
the pleasant cooperation with Barbara Fefi and Dr. Werner Muller from 
Springer and their professional support in publishing this volume. 
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Finance and Accounting 



Smoothing Effects of Different Ways to Cope 
with Actuarial Gains and Losses Under IAS 19 



Matthias Amen 

Universitat Bielefeld, Universitatsstrafie 25, DE-33615 Bielefeld, Germany. 

Matthias . AmenOweb . de 



1 Research Question 

International accounting for pension obligations is one of the most com- 
plex issues in accounting. According to the International Accounting 
Standard (IAS) 19 ‘employee benefits’ the defined benefit obligation has 
to be measured by the projected unit credit method (IAS 19.64). Expe- 
rience deviations from the expected values for future salary/ wage in- 
creases, pension increases, fluctuation, and mortality as well as changes 
in the discount rate cause actuarial gains and losses, that are explicitly 
considered within the IAS 19 accounting system. Actuarial gains and 
losses are unavoidable to a certain degree and may cause fluctuations in 
pension costs. IAS 19 offers several ways to cope with actuarial gains 
and losses. The so-called corridor approach is explicitly designed to 
smooth pension costs (IAS 19 BC 39; see [1, p. 127]). 

Generally, smoothing is contrary to the overall objective to provide 
information that is useful for economic decision. The research question 
of this paper is to quantify the smoothing effects of the different ways 
to cope with actuarial gains and losses. Furthermore, we suggest a 
modification that results into a moderate smoothing, but without a loss 
of decision usefulness, because it avoids an artificial source of actuarial 
gains and losses and reduces complexity. 

As we are interested in pure accounting effects we focus on unfunded 
pension plans. Thus, the results are not influenced by the design of 
the entities contributions to an external fund as well as the investment 
policy of such a fund. 
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2 Different Ways to Cope with Actuarial Gains and 
Losses Under IAS 19 

The current IAS 19 provides different ways to cope with actuarial gains 
and losses: 

1. Corridor approach with amortizing recognition: cumulation and 
recognition of a corridor excess over the expected remaining work- 
ing lives of the participating individuals (IAS 19.92) 

2. Corridor approach with immediate recognition: cumulation and a 
faster recognition of a corridor excess, in particular recognition of 
a corridor excess in the current period (IAS 19.93, 93A) 

3. Immediate recognition in profit and loss (IAS 19.93, 93A) 

4. Equity approach: immediate recognition outside profit and loss in a 
separate statement directly within equity (IAS 19.93A) 

The standard method of IAS 19 is the corridor approach with a amorti- 
zation of a corridor excess over the expected remaining working lives of 
the participating individuals (no 1). For the considered unfunded pen- 
sion plans, the corridor is 10 % of last years defined benefit obligation 
(IAS 19.92). This method defines the minimum amount of actuarial 
gains and losses to be recognised in the current period. IAS 19.93 al- 
lows a faster systematical recognition of cumulated actuarial gains and 
losses even within the corridor width of 10 %. This means that (a) we 
can amortize a corridor excess within a shorter period (IAS 19.93A 
explicitly allows to recognise a corridor excess in the current period - 
no 2), or (b) we can apply a corridor width lower than 10 %, or (c) 
a combination of both, (a) and (b). In fact, the immediate recognition 
in profit and loss (no 3) could be interpreted as the extreme case of 
the corridor approach with a corridor width of 0 % and an immediate 
recognition of the corridor excess. 

Generally, the aim of the corridor approach is to avoid huge fluctu- 
ations in pension costs caused by errors in estimating the actuarial 
assumptions. The corridor approach requires additional records out- 
side the financial statement and increases complexity of the system 
of accounting for pension obligations. The equity approach (no 4) has 
been adopted from the British Financial Reporting Standard (FRS) 17 
‘Retirement Benefits’ in 2004. Because of the immediate recognition 
of actuarial gains and losses outside profit and loss, the pension costs 
are never affected by actuarial gains and losses. As a consequence, the 
equity approach reduces complexity and achieves the maximal possible 
smoothing of pension costs but at the price of incompleteness of costs 
that is contrary to ‘clean accounting’. 
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3 Design of a Simulation Study 

An analytical approach for quantifying the smoothing effects of the 
different approaches is not possible. Therefore, Monte Carlo simula- 
tion analysis is the method of choice. The simulation model has been 
characterized in [3]. We consider a regenerating workforce , in which an 
individual substitutes for an other individual who fluctuates, retires or 
dies. Each simulation run consists of 500 iterations. 

The assumptions concerning the financial and non financial parameters 
are based on official German statistics (For a detailed reference see 
[2].). In order to generate mutually compatible financial assumptions 
we simulate the vector-autoregressive model presented in [3] . Contrary 
to [2] and [3] we focus only on smoothing. Therefore, we first have to 
differentiate smoothing from uncertainty which is shown in standard 
graphical simulation outcomes. 

We are not interested in the variation of pension costs at a certain point 
in time during all iterations of a simulation run (uncertainty), but we 
are interested in the variation of pension costs during the simulation 
period within a single iteration of the simulation run (smoothing) . Fur- 
thermore, to measure smoothing, it is not adequate to take the statis- 
tical ‘variance’ of the pension costs at the different points in time of a 
single iteration (see Fig. 1). 



pension costs 

several alternating variations 

€/year 




pension costs 

only one variation 

€/year 




Fig. 1 . Identical variance but different smoothing 



For illustration, both diagrams of Fig. 1 show a time series of pension 
costs that have an identical statistical ‘variance’. It is obvious that the 
diagram on the right hand side has only one variation and therefore a 
better smoothing than the diagram on the left hand side with several 
alternating variations. Therefore, we use the annual average absolute 
changes of the pension costs as a smoothing criterion. A low value of 
this criterion indicates a high smoothing. 
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Among the assumptions, the discount rate is a kind of artificial source 
of variations of the pension costs. IAS 19.78 requires to determine the 
discount rate from current market yields of long-term highly quality 
corporate bonds. The projected unit credit method is one of several 
possible cost allocation methods. In actuarial science and practice this 
method applies a constant discount rate. IAS 19 takes this long-term 
allocation technique from actuarial science and mixes it with the short- 
term ‘fair value’ idea. As a result, we get huge fluctuations in the pen- 
sion costs that are due to fluctuations of the discount rate. We have 
to keep in mind, that the decision for a special discount rate does not 
have any cash consequences and contrails only the allocation of the 
total pension payments to the periods. Furthermore, the estimation of 
the value of the defined benefit obligation by one of several possible 
methods does not become more precise, just by taking a discount rate 
based on current market yields. Therefore, besides the variable discount 
rate required by IAS 19.78, we also consider a constant discount rate 
according to the original actuarial concept of the projected unit credit 
method. 

In the simulation study we compare the following approaches using a 
variable discount rate as well as a constant discount rate: 

• Corridor approach with amortizing recognition of the corridor excess 

• Corridor approach with immediate recognition of the corridor excess 

• Equity approach 

Furthermore we vary the corridor width from 0 % in steps by 5 % to 20 
% of last years defined benefit obligation. The combination ‘corridor 
approach/immediate recognition/corridor width 0 %’ represents the 
immediate recognition of total actuarial gains and losses in profit and 
loss (no 3 in Sect. 2) (IAS 19.93, 93A). 

4 Quantitative Results for a Regenerating Workforce 

The following Fig. 2 shows the quantitative results for the simulation 
analysis for a regenerating workforce. 

As a remark, we have to remember, that the equity approach ex- 
cludes actuarial gains and losses from the pension costs. Therefore, it’s 
smoothing is an experimentally generated lower bound for the smooth- 
ing criterion of the other approaches. In Fig. 2 the big } describes 
the spread of smoothing, that is offered by the current IAS 19. In ad- 
dition, the O represents the immediate recognition of actuarial gains 
and losses in profit and loss in case of a constant discount rate. 
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- corridor approach, 
immediate recognition, 
variable discount rate 



- corridor approach, 
immediate recognition, 
constant discount rate 



- corridor approach, 
amortizing recognition, 
variable discount rate 



■ equity approach, 
variable discount rate 



- corridor approach, 
amortizing recognition, 
constant discount rate 



- equity approach, 
constant discount rate 






Fig. 2. Smoothing of pension costs 



The quantitative results are the following: 

• Regardless of the kind of discount rate or the corridor width, there 
is only a small difference between the corridor approach with amor- 
tizing recognition of the corridor excess and the equity approach. 

• For the corridor approach with amortizing recognition of the corri- 
dor excess there is only little difference in the smoothing criterion 
if we change from a variable discount rate to a constant discount 
rate. 

• For the corridor approach with immediate recognition of the corridor 
excess there is a considerable stronger smoothing when we apply a 
constant discount rate instead of a variable discount rate. 

• The most important quantitative result is, that smoothing achieved 
by using a constant discount rate in case of an immediate recognition 
of actuarial gains and losses in profit and loss (illustrated by the 
circle O i n Fig. 2) is within the range that is accepted by the current 
IAS 19 (illustrated by the big } in Fig. 2). 
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5 Consequences 

Generally, smoothing should be avoided as it causes bias in account- 
ing information. Because for this and some other reasons (see [2] and 
[3]), the equity approach as well as the corridor approach - especially 
in case of an amortization of a corridor excess - are contrary to the 
overall objective to provide useful information for economic decisions 
of investors and other stakeholders. 

But it is possible to avoid artificial fluctuations of pension cost which 
are caused by the use of a variable discount rate instead of a con- 
stant discount rate as in the original actuarial cost allocation approach 
of the projected unit credit method. Mixing different principles from 
both disciplines - actuarial science (the allocation mechanism of the 
projected unit credit method) and accounting (the ‘fair value’ concept 
based on current data) - results in undesirable problems as it causes 
avoidable fluctuations in pension costs and requires either a complex 
mechanism (the corridor method) or a kind of ‘dirty accounting’ (the 
equity method) to repair this effect. 

The immediate recognition of actuarial gains and losses in profit and 
loss while applying a constant discount rate for measuring the defined 
benefit obligation results to a moderate smoothing that is within the 
range accepted under the current IAS 19. Thus, this simple modification 
should be regarded as reasonable alternative for the amendment of IAS 
19. It is just the application of a actuarial cost allocation method that 
avoids artificial fluctuations in pension costs at a reduced complexity. 
As a final remark, the recently issued discussion paper ‘Preliminary 
Views on Amendments to IAS 19 Employee Benefits’ (March 2008) 
copes with three approaches that differ in the way the amount of actu- 
arial gains and losses is recognized in profit and loss or in other compre- 
hensive income. The corridor approach as well as the equity approach 
could be expected to be repealed. Unfortunately, a change toward a 
constant discount rate is not yet addressed by the International Ac- 
counting Standards Board (IASB). 
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1 Introduction 

The relative value arbitrage rule, also known as “pairs trading” or “sta- 
tistical arbitrage” , is a well established speculative investment strategy 
on financial markets, dating back to the 1980s. Today, especially hedge 
funds and investment banks extensively implement pairs trading as a 
long/short investment strategy. 1 

Based on relative mispricing between a pair of stocks, pairs trading 
strategies create excess returns if the spread between two normally co- 
moving stocks is away from its equilibrium path and is assumed to 
be mean reverting, i.e. deviations from the long term spread are only 
temporary effects. In this situation, pairs trading suggests to take a long 
position in the relative undervalued stock, while the relative overvalued 
stock should be shortened. The formation of the pairs ensues from 
a cointegration analysis of the historical prices. Consequently, pairs 
trading represents a form of statistical arbitrage where econometric 
time series models are applied to identify trading signals. 

However, fundamental economic reasons might cause simple pairs trad- 
ing signals to be wrong. Think of a situation in which a profit warning 
of one of the two stocks entails the persistant widening of the spread, 
whereas for the other no new information is circulated. Under these 
circumstances, betting on the spread to revert to its historical mean 
would imply a loss. 

To overcome this problem of detecting temporary in contrast to longer 
lasting deviations from spread equilibrium, this paper bridges the liter- 
ature on Markov regime-switching and the scientific work on statistical 



1 For an overview see [7, 3]. 
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arbitrage to develop useful trading rules for “pairs trading”. The next 
section contains a brief overview of relative value strategies. Section 3 
presents a discussion of Markov regime-switching models which are ap- 
plied in this study to identify pairs trading signals (section 4). Section 
5 presents some preliminary empirical results for pairs of stocks being 
derived from DJ STOXX 600. Section 6 concludes with some remarks 
on potential further research. 



2 Foundations of Relative Value Strategies 

Empirical results, documented in the scientific literature on relative 
value strategies, indicate that the price ratio Ratt = (P^ / P t B ) of two 
assets A and B can be assumed to follow a mean reverting process [3, 7] . 
This implies that short term deviations from the equilibrium ratio are 
balanced after a period of adjustment. If this assumption is met, the 
“simple” question in pairs trading strategies is that of discovering the 
instant where the spread reaches its maximum and starts to converge. 
The simplest way of detecting these trading points is to assume an 
extremum in Ratt when the spread deviates from the long term mean 
by a fixed percentage. In other cases confidence intervals of the ratio’s 
mean are used for the identification of trading signals. 2 Higher sophis- 
ticated relative value arbitrage trading rules based on a Kalman filter 
approach are provided in [2, 1], 

Pairs trading strategies can be divided into two categories in regard 
to the point in time when a trade position is unwinded. According to 
conservative trading rules the position is closed when the spread reverts 
to the long term mean. However, in risky approaches the assets are held 
until a “new” minimum or maximum is detected by the applied trading 
rule. 

However, one major problem in pairs trading strategy - besides the 
successful selection of the pairs - stems from the assumption of mean 
reversion of the spread. Pairs traders report that the mean of the price 
ratio seems to switch between different levels and traditional technical 
trading approaches often fail to identify profit opportunities. In order 
to overcome this problem of temporary vs. persistent spread deviations, 
we apply a Markov regime-switching model with switching mean and 
switching variances to detect such phases of imbalances. 



2 See [3]. 
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3 Markov Regime-Switching Model 



Many financial and macroeconomic time series are subject to sudden 
structural breaks [5]. Therefore, Markov regime-switching models have 
become very popular since the late 1980s. In his seminal paper Hamil- 
ton [4] assumes that the regime shifts are governed by a Markov chain. 
As a result the current regime st is determined by an unobservable, 
i.e. latent variable. Thus, the inference of the predominant regime is 
based only on calculated state probabilities. In the majority of cases 
a two-state, first-order Markov-switching process for st is considered 
with the following transition probabilities [6]: 



prob [st = l|s*_i 



prob ^ = 2 1 Sf— i 



1] =p = 

2 \=q = 



exp (po) 

1 + exp (p 0 ) 
exp (g 0 ) 

1 + exp (q 0 ) ’ 



(1) 

(2) 



where p o and go denote unconstrained parameters. We apply the follow- 
ing simple regime-switching model with switching mean and switching 
variance for our trading rule: 



Rat t = Hs t + st, (3) 

where E [e t ] = 0 and . 

To visualize the problem of switching means figure 1 plots a time series 
of a scaled price ratio, where the two different regimes are marked. 
The shaded area indicates a regime with a higher mean (/i si ) while the 
non-shaded area points out a low- mean regime (/r S2 ). 

Traditional pairs trading signals around the break point BP would sug- 
gest an increase in Rat bp implying a long position in Anglo American 
PLC and a short position in XSTRATA PLC. As can be seen in figure 
1 this trading position leads to a loss, since the price of the second 
stock relative to the price of the first stock increases. 



4 Regime-Switching Relative Value Arbitrage Rule 

In this study we suggest applying Markov regime-switching models to 
detect profitable pairs trading rules. In a first step we estimate the 
Markov regime-switching model as stated in equation (3). As a byprod- 
uct of the Markov regime-switching estimation we get the smoothed 
probabilities P (•) for each state. Based on these calculated probabili- 
ties we identify the currently predominant regime. We assume a two- 
state process for the spread and interpret the two regimes as a low and 
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Fig. 1 . Scaled ratio of the stock prices of Anglo American PLC and XS- 
TRATA PLC from 2006-12-01 to 2007-11-15. The ratio exhibits a switching 
mean. The shaded area indicates the high mean regime. 



a high mean regime. In consequence, we try to detect the instant where 
the spread Ratt reaches a local extremum. As a matter of convenience, 
we adopt the traditional pairs trading approach that a minimum or 
maximum is found when the spread deviates from the mean by a cer- 
tain amount. However, we extend the traditional rule by considering 
a low and a high mean regime, and so we create a regime dependent 
arbitrage rule. A trading signal zt is created in the following way: 

f -i f/ Rat t > Vs t + ^ • (? St m 

\+l if Rat t < Ust ~ <5 • cr St , ' 

otherwise zt = 0. We use 5 as a standard deviation sensitivity parameter 
and set it equal to 1.645. As a result, a local extremum is detected, if 
the current value of the spread lies outside the 90% confidence interval 
within the prevailing regime. The interpretation of the trading signal is 
quite simple: if zt = —1 (+1) we assume that the observed price ratio 
Ratt has reached a local maximum (minimum) implying a short (long) 
position in asset A and a long (short) position in asset B. 

Probability Threshold 

To evaluate the trading rule dependent on the current regime ( low or 
high mean) , we additionally implement a probability threshold p in our 
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arbitrage rule. Therefore, the regime switching relative value arbitrage 
rule changes in the following way: 

= f - 1 if Ratt > mow + 5 ■ Plow a P(s t = low\Rat t ) > p 
Zt \ +1 if Rat t < Plow ~ 5 ■ ai ow 

otherwise zt = 0, if St is in the low mean regime. In the high mean 
regime a trading signal is created by: 



^ 1 if Ratf i' Phigh T 8 ' ®high /g\ 

\ +1 if Ratt < Phigh ~ 8 ■ a high A P(s t = high\Rat t ) > p 

otherwise zt = 0. The probabilities P (•) of each regime indicate 
whether a structural break is likely to occur. If the probability sud- 
denly drops from a high to a lower level, our regime switching relative 
value arbitrage rule prevents us from changing the trading positions the 
wrong way around, so that a minimum or a maximum is not detected 
too early. The probability threshold value is set arbitrarily. Empirical 
results suggest a setting for p ranging from 0.6 to 0.7. Therefore, the 
trading rule acts more cautiously in phases where the regimes are not 
selective. 



5 Empirical Results 

The developed investment strategy is applied in a first data set to the 
investing universe of the DJ STOXX 600. Our investigation covers the 
period 2006-06-12 to 2007-11-16. We use the first 250 trading days to 
find appropriate pairs, where we use a specification of the ADF-test 
for the pairs selection. The selected pairs 3 are kept constant over a 
period of 50, 75, 100 and 125 days. However, if a pair sustains a cer- 
tain accumulated loss (10%, 15%), it will be stopped out. To estimate 
the parameters of the Markov regime-switching model we use a rolling 
estimation window of 250 observations. 

For reasons of space, only one representative example will be quoted. 
Table 1 demonstrates the results of the regime-switching relative value 
arbitrage rule for the second term of 2007. In this period the best result 
(average profit of 10.6% p.a.) is achieved by keeping the pairs constant 
over 125 days and by a stop loss parameter of 15%. The setting of 50 
days with a stop loss of 10% generates an average loss of -1.5% p.a. It 
should be noted that the trading and lending costs (for short selling) 
have not been considered in this stage of the study. 

3 A number of 25 was detected. One asset is only allowed to occur in 10% of all 
pairs because of risk management thoughts. 
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Table 1 . Annualized descriptive statistics for the over all selected pairs av- 
eraged results of the second term of 2007. # denotes the number of pairs not 
leading to a stop loss. 



panel 
stop loss 


50 days 
10% 15% 


75 days 
10% 15% 


100 days 
10% 15% 


125 days 
10% 15% 


M 


-0.01470 


0.00555 


0.05022 


0.07691 


0.03038 


0.05544 


0.08196 


0.10617 


a 


0.17010 


0.17568 


0.18181 


0.19042 


0.19105 


0.20417 


0.21265 


0.23059 


min 


-0.40951 


-0.40951 


-0.29616 


-0.38670 


-0.23157 


-0.23402 


-0.19000 


-0.22644 


iQ 


-0.21938 


-0.18922 


-0.15507 


-0.08395 


-0.23157 


-0.10718 


-0.19000 


-0.19000 


2Q 


0.00000 


0.00823 


0.00000 


0.09495 


-0.02199 


0.05935 


0.06252 


0.06785 


3Q 


0.18277 


0.18277 


0.21685 


0.21685 


0.18718 


0.18718 


0.23587 


0.23587 


max 


0.79171 


0.79171 


0.84898 


0.84898 


0.60407 


0.60407 


1.27242 


1.27242 


# 


23 


24 


21 


24 


18 


23 


15 


19 



6 Conclusion 

In this study we implemented a Markov regime-switching approach 
into a statistical arbitrage trading rule. As a result a regime-switching 
relative value arbitrage rule was presented in detail. Additionally, the 
trading rule was applied for the investing universe of the DJ STOXX 
600. The empirical results, which still remain to be validated, suggest 
that the regime-switching rule for pairs trading generates positive re- 
turns and so it offers an interesting analytical alternative to traditional 
pairs trading rules. 
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1 Introduction 

In practice, firms often exhibit divisionalized structures in which head- 
quarters delegate decision rights to divisional managers. In this paper, 
we examine the problem of allocating interdependence effects stemming 
from interdivisional trade. For this, we analyze a model in which a divi- 
sionalized firm contracts with two managers to operate their divisions 
and to make relationship-specific investment decisions. Contracts can 
be based on both divisional profits and hence depend on the allocation 
of interdependence effects. In line with transfer pricing literature, we 
discuss a centralized as well as a decentralized setting with respect to 
the allocation authority. 

Issues of mechanism design concerning divisional trade are extensively 
discussed in the literature. 1 Most related to our paper is [1] which shows 
that profit sharing induces managers to make first-best investment de- 
cisions in a decentralized setting. However, profit sharing imposes extra 
risk on the managers and therefore may not be optimal. Our paper ex- 
tends the analysis of [1] by incorporating moral hazard problems with 
respect to investment decisions. Further, we distinguish between differ- 
ent organizational designs. 

1 Cf., for instance, [1], [2], [3], [4], [6], and [7]. With respect to relation-specific 
investments, it was shown that negotiated transfer prices result in efficient trade 
as long as information is symmetric between divisional managers. However, this 
does not imply first-best investment decisions in general. Edlin/Reichelstein [5] 
show that efficient investment decisions are attainable when both managers can 
commit to contracts prior to making their investment decisions. However, in line 
with [1] , we assume that not all necessary parameters can be specified in advance. 

B. Fleischmann et al.(Eds.), Operations Research Proceedings 2008, 15 
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2 The Model and Benchmark Solution 

We analyze the performance measurement problem of a two-divisional 
firm with a risk-neutral principal, a downstreaming division (division 
1), and an upstreaming division (division 2). Both divisional man- 
agers are risk-averse and effort-averse with respect to their relationship- 
specific investment decisions. Further, in line with [3] and [6], we con- 
sider a linear-quadratic scenario and adopt the well-known LEN as- 
sumptions. Then, division manager i {i = 1,2) strives to maximize 
E (wi) — ^-Var (wi) — \vilf, where Wi denotes the compensation, a* the 
coefficient of risk-aversion, and /,; the relationship-specific investment 
decision of manager i\ m measures her effort- aversion. W.l.o.g. we set 
the reservation utilities of both managers to zero. 

We assume that both divisional profits 7Tj depend on the allocation 
of the interdependence effect t: tt\ = i?($, q, Ji) — t — + £\ and 

vr 2 = t - C(i?, q, h) - \l% + £ 2 , where R(d, q, I\) = (a(t?) - \bq + h)q 
and C($,q,l 2 ) = (c(i?) — I 2 )q- Further, e = (£ 1 ,^ 2 ) denotes the vector 
of noise terms, where £{ ~ A^(0,cr,^) and Cov(ei,£ 2 ) = Q<Ji& 2 - 2 The 
variable q denotes the quantity transfered from division 2 to division 
1. To avoid trivial solutions, we assume a( 1 ?) > c(i9) for all feasible 
values of 1 ?. The state variable i? can be observed ex post (after con- 
tracting and making investment decisions) by the division managers 
only. In contrast, the distribution of 1 ? is ex ante common knowledge. 
For convenience, we assume Co v(a($),£i) = Co v(c(i9),£i) = 0 and 
Var(a(i9)) = Var(c(i?)) = Cov(a(i?), c(i?)) = cr|. 

In line with the LEN model, we restrict our analysis to linear com- 
pensation contracts, i.e. Wi = ^ + wuni + * 2 - Note that contracts 

placing equivalent weights on both divisional profits (wu = Wij ) impli- 
cate profit sharing. Since we aim at studying the allocation of interde- 
pendence effects, it is appropriate to distinguish between a centralized 
and a decentralized setting. Figures 1 and 2 depict the event sequences 
for both designs. In the centralized setting, central management allo- 
cates the interdependence effect by determining t as well as q at date 

1 subject to incomplete information w.r.t. 1 ?. 

In contrast, in the decentralized setting, central management delegates 
allocation authority as well as the determination of the transfer quan- 
tity to the divisions. Here we assume the divisional managers to bargain 
about the allocation after observing d. Divisional managers are hence 
able to respond to the realization of the state variable d. Therefore, a 

2 In contrast to [1], we allow for a possible risk interdependence between both 
divisions. 
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1 2 3 4 5 

1 1 1 1 1 >■ time 

t,q,Wi Ii $ production £*, 7r* 

Fig. 1. Sequence of events in the centralized setting 

flexibility gain is attained from the perspective of central management. 3 
Since information is symmetric between the divisional managers, we re- 

1 2 3 4 5 6 

1 1 1 1 1 1 >■ time 

Wi Ii t production £,; , 7Tj 

Fig. 2. Sequence of events in the decentralized setting 



strict our analysis w.l.o.g. to the case in which both managers possess 
equal bargaining power and therefore to the Nash bargaining solution: 4 

t = ±[q(a(i}) + c(i?) - \bq + h - h) + £i - £ 2 ] ■ (1) 

Based on the negotiated allocation, the downstreaming division 1 de- 
termines the transfer quantity. Provided this allocation mechanism, the 
divisional profits 

7T* = 1?) - c(tf) - \bq + h + h) + £1 + £ 2 ] - (2) 

will be realized at date 6. 

Before we examine these settings in detail, we derive some benchmark 
results by abstracting from agency problems. Then, the efficient trade 
(given investments I\ and I 2 ), 

q(h,1 2 ) S arg max{i?(q, $, Ii) - C(q, 1 ?, h)} , (3) 

q>0 

is given by 

m^i±h±h. (4) 

b 

Our assumptions assure that q is unique and interior for all I\ and 1 2 . 
The firm’s investment choice can now be characterized as follows: Let 
/ = (/ 1 , 12 ) denote the vector of efficient investment decisions. Thus, I 
satisfies the condition 



3 However, this advantage is reduced by a control loss, cf. [8]. 

4 A similar assumption is made in [1], 
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I <E arg max{E[i?(g, A) - C(q, I 2 )\ - \l'\ - \l%} ■ (5) 

J1P2 

The Envelope Theorem implies that the first-best investments I exist 
and backward induction yields Ii = E (q). 

In the following section, we solve the performance evaluation problem 
in the context of different mechanism designs. 



3 Centralized vs. Decentralized Allocation Authority 

We start with the case in which the allocation of the interdependence 
effect is determined by central management. That is, at date 1, central 
management fixes the underlying performance evaluation system, the 
allocation rule t and the transfer quantity q by solving the program 

max(l-w 11 -W2i)E(TTi\q,t) + (l-W22-’w 1 2)E(TT 2 \q,t)-(w 1 +w 2 ) ( 6 ) 

s.t. Ii € argmax{E^ e («; i |g,f) - fflf - ^Vai^ £ (wi\q,i)},i = 1,2(7) 

E,?,e(wi|g,£) - y/ 2 - ^-V&r# !£ (wi\q,t) > 0, * = 1,2, (8) 

where constraints (7) ensure that the managers’ investment choices are 
incentive compatible and the constraints (8) guarantee the managers 
their reservation utility. Obviously, the participation constraints hold 
in equality when choosing an appropriate fixed compensation. 

The following proposition summarizes our main results regarding the 
centralized setting. 5 

Proposition 1 (Centralized Allocation Authority). 

i) First-best investment decisions can only be induced if Vi = 0. 

ii) Investment decisions are independent oft and Wij. 

Hi) Investment decisions are independent of wa iff Vi = 0 and wu ^ 0. 

From the perspective of performance evaluation, there is no need to 
base Wi also on the profit of division j 7^ i. Further, note that invest- 
ment decisions are independent of the allocation t if central manage- 
ment is equipped with allocation authority. Additionally, central man- 
agement can fix the optimal transfer quantity by backward induction 
and making use of the Envelope Theorem: 

q = E[q(i?) - c(d)} + I 1 +I 2 _ (9) 

b + aia^iwu - W 12 ) 2 + a 2 al(w22 ~ w 2 i ) 2 ' 

We omit the proofs. The authors will provide all proofs upon request. 



5 
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As a consequence, even under full information, central management 
will only choose the first-best efficient trade if (i) both agents are risk- 
neutral {oti = 0) or (ii) by implementing full profit sharing {wa = Wij). 
Both cases are equivalent. Therefore, profit sharing itself does not pro- 
vide any incentives for investment decisions, however, it mitigates dis- 
tortions in q caused by the trade-off between risk sharing and invest- 
ment incentives. 

We now turn to the analysis of the decentralized setting. In this case, 
central management delegates decision rights to the divisional man- 
agers and determines the performance evaluation system by solving 
the program 

max(l - wn - u; 2 i)E(7Ti) + (1 - w 22 - wi 2 )E(n 2 ) - (uq + w 2 ) (10) 

Wi 

s.t. q G argmax{E e (-u;i) — — ^rVar e (uq)} (11) 

Ii € argmax{E 1?)£ (u;i) - ^if - ^-Var ^(u;*)}, i = 1,2 (12) 

Etf, e (wj) - ^If - Var d, e (wi) >0, * = 1,2, (13) 

where (11) and (12) are the incentive compatibility constraints and (13) 
are the participation constraints. 

Since both divisional managers bargain about the allocation under sym- 
metric information, it is straightforward to see that this bargaining 
process leads to first-best efficient trade q(I) given investments I. The 
following proposition states our results for the decentralized setting. 

Proposition 2 (Decentralized Allocation Authority). 

i) Divisional managers will always make efficient trade decisions if the 
allocation is based on a bargaining process under symmetric infor- 
mation. 

ii) Investment decisions depend on the expected allocation process and 
are first-best iff Vi = 0 and a full profit sharing policy is applied. 

These results are in line with [1] if we abstract from moral hazard 
issues. However, from an optimal contracting perspective, a firm-wide 
performance evaluation system imposes extra risk on the managers. 
In contrast to the centralized setting in which central management is 
able to trade-off risk sharing and to control investment decisions by 
fixing trade quantities, central management looses degrees of freedom 
to solve this problem within a decentralized setting. On the other hand, 
divisional managers are able to directly respond to the realization of 
the state variable. Hence, a flexibility gain is attained. 
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4 Concluding Remarks 

We have shown that the allocation process for interdependence effects 
between divisions usually cannot be substituted by performance evalua- 
tion systems. In centralized settings, however, allocation processes and 
fixed payments interact. Then, central management can allocate the 
interdependence effect in order to influence decision making and adjust 
the divisional managers’ compensations accordingly. Furthermore, we 
have shown that the design of optimal performance evaluation systems 
essentially depend on the underlying allocation authority. 

Our results suggest that different allocation procedures (given opti- 
mal performance evaluation systems) dominate each other depending 
on certain conditions. In particular, these are the disutilities of effort, 
the variance of the state parameter, the parameters of risk-aversion of 
the managers, and the risk interdependence between both divisions. 
Further analyses concerning these issues are on our research agenda. 
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1 Introduction 

This study regards a company which consists of two decentralized busi- 
ness units forming a value network. One business unit produces and 
sells a main product and the other business unit produces and sells 
a complementary by-product. The company pursues a firm- wide dif- 
ferentiation strategy. The following model assumes that the business 
unit being responsible for the by-product can implement this firm-wide 
differentiation strategy by improving, for example, the quality or the 
functionality of the by-product. Because of the complementary rela- 
tionship of the products, the by-product and the main product obtain 
a unique selling proposition through a specific investment in the by- 
product. The specific investment is totally defrayed by that business 
unit acting on its own authority, but it increases the revenue of both 
business units. Therefore, the allocation of the profit induced by the 
specific investment is not made fairly. An underinvestment problem 
arises which endangers the objective of firm-wide profit maximization. 
Coordination instruments are used to improve the reconciliation be- 
tween separated business units. This article compares a contribution 
margin based, a revenue based and a quantity based investment contri- 
bution mechanism as coordination instruments for achieving goal con- 
gruence between the considered business units inducing efficient pro- 
duction and investment decisions as well as overall profit maximization. 
The recent literature mostly focuses on profit sharing (e.g. [3]), revenue 
sharing (e.g. [1] and [2]) or transfer pricing (for an overview see [4]) to 
coordinate a two-stage value chain of a decentralized company with 
existing production interdependencies. In contrast to that, this study 
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regards production and investment decisions with existing sales inter- 
dependencies in a value network. 

The remainder of this paper is organized as follows: Section 2 presents 
the framework and the solution of an equilibrium model using a contri- 
bution margin based, a revenue based and a quantity based investment 
contribution mechanism. In section 3, the performance of these coor- 
dination mechanisms is compared on the basis of the expected overall 
firm profit. Circumstances are identified under witch each investment 
contribution mechanism dominates the others. 

2 Model 

2.1 Assumptions 

The considered company consists of two decentralized business units. 
Business unit A produces the main product at constant unit cost ca 
and sells it on an anonymous market; business unit B produces a com- 
plementary by-product at constant unit cost eg and sells it also on an 
anonymous market. A is organized as a profit center and states the pro- 
duction and sales quantity of the main product. Because of the comple- 
mentary relationship between the two products, the quantity decision of 
A determines also the production and sales quantity of the by-product. 
B adapts the sales volume generating a non-negative expected profit. 
This model assumes a one-to-one relationship. Furthermore, B is orga- 
nized as an investment center and decides about its specific investment 
that can increase the revenue of both business units. The risk-neutral 
decision makers of the business units are compensated according to 
their reported success after profit allocation by using a contribution 
margin based, a revenue based or a quantity based investment contri- 
bution mechanism given by the headquarter of the company. Therefore, 
they maximize the expected profit of their own business unit. 

The assumed multiplicative demand function with constant price elas- 
ticity e = 2 is given by 





d 2 y A {x,I , rj) 
d 2 I 



The demand function of the main product depends on the quantity 
x, the specific investment I, the parameter a reflecting the market 
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size as well as the random variable 7], The random variable r/ shows 
the uncertainty of the market conditions at the selling moment, the 
realized sales price is uncertain. The random variable r/ with mean 
fj, = 0 implies that the expected revenue of the main product is given 
by Ra(x, I) = \J axyfl. The expected revenue of the by-product follows 
similarly with Rb(x,I) =\Jbx\fl. 

Fig 1. shows the decision making and time sequence of the model. 



1 1 1 

Central determination of the Quantity decision by A Realisation of the sales 

investment contribution and investment decision prices, selling products 

mechanism by the headquarter by B and allocating profits 

Fig. 1. Decision making and time sequence 



At the outset, the headquarter of the company chooses an investment 
contribution mechanism to coordinate the quantity and investment de- 
cisions maximizing the expected overall firm profit. It determines a 
transfer payment by fixing a contribution margin based, a revenue 
based or a quantity based investment contribution. Then, the invest- 
ment center B makes its specific investment. Without additional infor- 
mation, profit center A states the sales volume x, which is also produced 
and sold by B. Finally, the market price is realized and the profits are 
allocated. 

The specific investment is not observable and can not ascertain ex post 
because of the uncertainty of the market conditions. But each decision 
maker knows the quantity respectively the investment decision prob- 
lem of the other manager. Therefore, they are able to calculate opti- 
mal decisions in their view considering a given investment contribution 
mechanism. The decision makers are planning their decisions on the 
basis of their expected allocated profits. The following analysis uses an 
equilibrium model solving the several decision problems by backward 
induction (see [5]). 

2.2 Solution 

The starting points of the analysis are the expected profit functions of 
A and B using a contribution margin based investment contribution 
mechanism 
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/, r CM ) = (1 - r CM ) - c A x^j 

■n% M (x, I, t cm ) = \j bxVl — cbX — I + t cm (\J ax \/l — cax'J , 

a revenue based investment contribution mechanism 

tt r (x, /, r R ) = (1 — r R ) \] axVl — cax 
n R (x , J, t r ) = \j bxVl — cbX — I + t r \J ax\fl , 
or a quantity based investment contribution mechanism 

7 r^(x, I, T ) = \J ax\/l — cax — Tx 
7r^(x, I, T ) = \JbxVl — cbx — I + Tx. 



A specifies the optimal production and sales quantity depending on 
the investment level I and the allocation parameter of the used in- 
vestment contribution mechanism. Anticipating the quantity decision, 
B determines its specific investment depending on the allocation pa- 
rameter of the used investment contribution mechanism. Finally, the 
headquarter of the company sets the allocation parameter maximizing 
the expected overall firm profit. The allocation parameters are calcu- 
lated for a contribution margin based, a revenue based and a quantity 
based investment contribution mechanism with 



t cm = 1 , 

R 2ac 2 B + (a — 3Vab)cACB — 3(a + 3Vab)c\ 



and 



T = 



2(2acACB + clc 2 b ) 

\J a{a + b+ 2'/ab)c 2 A (9c 2 A + 2 caCb + c 2 B ) 

2{2acACB + ac 2 B ) 

3(a +V ab)cs — (4 b + 5 \fab)cA +\J a(3a + b + 2 \/ab)(cA + cb ) 
2a + 46 + 8 Vab 



The decision interdependencies can be resolved and the investment 
level, the production and sales quantity, the expected profits of the 
business units as well as the expected overall firm profit can be calcu- 
lated. 
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3 Performance Evaluation 

The expected overall firm profit reflects the ability of the investment 
contribution mechanisms to induce efficient investment and quantity 
decisions. Therefore, the investment contribution mechanisms are com- 
pared on the basis of the overall firm profit. Fig. 2 shows the overall firm 
profit depending on relative unit costs ( ca and eg ) and relative mar- 
ket sizes (a and b) using a contribution margin based, a revenue based 
and a quantity based investment contribution mechanism determined 
by the headquarter of the company. Depending on relative unit costs 
and relative market sizes the implementation of every single investment 
contribution mechanism can be expedient. The expected overall firm 
profit without using an investment contribution mechanism (7r no ) can 
always be increased by one of these investment contribution mecha- 
nisms. As can be seen from Fig. 2, there are three areas dominated by 
a single investment contribution mechanism. 



7t 




□ □ i" CD ifi □ it™ CH n R l — I jQ 



Fig. 2. Expected overall firm profit depending on relative unit costs and 
relative market sizes, with ca £ ]0,2[ , cb £ ]0,2[ , ca + Cb = 2, a £ ]0, 20 [ , 
b £ ] 0, 20 [ and a + b = 20 



1. ca > cb n a > b: The relation of the unit costs ca > cb and the re- 
lation of the market sizes a > b indicate the circumstances in which 
the contribution margin based investment contribution mechanism 
performs best. In this situation, A makes already a sufficient op- 
timal quantity decision. A contribution margin based investment 
contribution mechanism does not influence the quantity decision, 
but it causes a higher investment level for any given r CM > 0. To 
induce an efficient investment decision by B and to increase the 
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expected overall firm profit, the headquarter shifts the whole con- 
tribution margin of A to B by using a contribution margin based 
investment contribution mechanism with t c = 1 . 

2. ca < cb- If the unit costs ca are smaller than the unit costs eg, a 
revenue based investment contribution mechanism should be used 
by the headquarter. Without any investment contribution mecha- 
nism, the production and sales quantity exceeds the optimal quan- 
tity level. A revenue based investment contribution mechanism af- 
fects the quantity as well as the investment decisions. In this situa- 
tion, a positive allocation parameter t r = 1 reduces the production 
and sales quantity decided by A and increases the investment level 
of B. As result, a revenue based investment contribution mechanism 
increases the expected overall firm profit. 

3. ca > eg n a < b: In this situation, a quantity based investment 
contribution mechanism is used to influence the quantity decision 
of A without any negative effect on the investment decision of B. 
A determines a larger production and sales quantity for a given 
negative allocation parameter T < 0. The expected overall firm 
profit increases, because the quantity based investment contribution 
mechanism induces an optimal quantity decision, but it does not 
give a counterproductive investment incentive to B. 

In this setting, the analyzed investment contribution mechanisms in- 
fluence the considered quantity and investment decisions in different 
ways. Therefore, the use of these investment contribution mechanisms 
depends on their influence to and on the importance of the quantity 
and investment decisions. 
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Summary. Fundamental Indexation is the name of an index methodology 
that selects and weights index constituents by means of fundamental criteria 
like total assets, book value or number of employees. This paper examines the 
performance of fundamental indices in the German equity market during the 
last 20 years. Furthermore the index returns are analysed under the assump- 
tion of an efficient as well as an inefficient market. Index returns in efficient 
markets are explained by applying the three factor model for stock returns of 
[2] . The results show that the outperformance of fundamental indices is partly 
due to a higher risk exposure, particularly to companies with a low price to 
book ratio. By relaxing the assumption of market efficiency, a return drag of 
capitalisation weighted indices can be deduced. The index methodology im- 
plies an investment strategy that benefits from well known market anomalies 
like the value effect without relying on active portfolio management. Further- 
more under the assumption of an inefficient market there is an added value 
of fundamental indices. 



1 Introduction 

Traditional stock market indices weight companies by means of mar- 
ket capitalisation, mostly corrected by a free float factor. A low index 
turnover and good investability qualify these indices as suitable un- 
derlyings for index replicating funds or derivatives. Furthermore cap 
weighted indices are essential benchmarks since they reflect the aver- 
age return of a certain stock market. 

However, a new index approach named Fundamental Indexation trig- 
gered a lively and controversal debate among the fund and indexing 
industry. The constituents of fundamental indices are selected and 
weighted according to fundamental factors like revenues or total assets 
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just to mention a few. [1] shows that these indices outperform tradi- 
tional cap weighted indices by 1.66 to 2.56 percentage points annually 
over a 43 years period. While critics of fundamental indices say the re- 
turn advantage is delivered through higher systematic risks, advocates 
explain superior performance by inefficient markets and a return drag 
of traditional index approaches. 

In this paper five different fundamental indices that differ in terms 
of their selection and weighting criteria are calculated and compared 
against a cap weighted and an equal weighted index in the German 
market over the last 20 years. The empirical results are presented in 
Section 3. The cap weighted index represents the traditional approach 
to construct a stock index, while the equal weighted index shows the 
differences of fundamental indices to a naive investment strategy. Fur- 
thermore, the empirical data is used to explain performance differences. 
In Section 4 the analysis is conducted under the assumption of an effi- 
cient as well as an inefficient market. 



2 Data and Index Methodology 

The data set consists of all German companies and covers the period 1 
January 1988 to 23 July 2007. In case of more than one share classes, 
the one with the biggest capitalisation is included in the index universe. 
Index rebalancing is performed annually, while only those companies 
with a track record of at least one year are taken into account. 

All indices encompass 100 companies in total and are constructed as 
total return indices. In addition to the traditional market cap weighted 
index (MK100) there is one equal weighted index (GG100) as well as 
five fundamental indices based on the criteria revenues (UM100), num- 
ber of employees (MA100), total assets (GK100), book value of equity 
(EK100) and dividend payment (DV100). According to these criteria 
the index portfolio is rebalanced annually. All indices except the cap 
weighted approach are weighting their index constituents market inde- 
pendently, that is there is no direct link between price and weight. 



3 Results 

The index return statistics summarised in table 1 show that the cap 
weighted index approach exhibits the lowest historical returns. Funda- 
mental indices realise geometric mean returns that exceed the market 
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return (MK100) by 1.87 to 3.79 percentage points annually after rebal- 
ancing costs. 

With returns that exceed the market cap weighted index returns, while 
having similar standard deviations, the Modern Portfolio Theory sug- 
gests a dominance of fundamental indices. All performance measure- 
ments, namely the Sharpe Ratio Jensen Alpha and Treynor Ratio, indi- 
cate that fundamental indices exhibit a superior performance over the 
last 20 years. The same applies for the equal weighted index, based on 
its low standard deviation. 



Table 1 . Index Performance 



Index Index value Geom. 


Geom. 


Standard Sharpe Jensen Treynor 


23/07/2007 mean 


mean 


deviation ratio 


alpha ratio 


return 


return 








after 








costs 







MK100 732.01 


10.08% 9.84% 17.45% 


0.415 


- 


0.0724 


GG100 930.05 


11.61% 10.89% 12.06% 


0.658 


3.06 


0.1239 


UM100 1310.88 


13.30% 12.82% 17.11% 


0.602 


3.37 


0.1089 


MAI 00 1319.72 


13.30% 12.79% 17.53% 


0.587 


3.36 


0.1070 


GK100 1505.98 


14.13% 13.63% 17.32% 


0.632 


4.16 


0.1161 


EK100 1134.56 


12.58% 12.09% 17.83% 


0.543 


2.29 


0.0962 


DV100 1116.62 


12.52% 11.71% 16.14% 


0.567 


2.71 


0.1019 



Further analysis show that the return differences are statistically sig- 
nificant for the fundamental indices. Interestingly for longer holding 
periods the probability of superior returns for the fundamental indices 
increases. 1 This effect does not apply for the equal weighted GG100 
index. 

The different characteristics which can be seen from the past perfor- 
mances are certainly caused by differing index compositions. Funda- 
mental indices are characterised by a tilt towards companies with low 
valuation levels, while the equal weighted index puts emphasis on com- 
panies that are small in terms of market capitalisation. 

The calculated fundamental indices feature superior performance char- 
acteristics in the German stock market of the last 20 years. Thus the 
empirical results confirm findings of former studies on fundamental in- 
dexation. 2 Past performances do not allow any conclusions on future 

1 This time horizon effect is not illustrated here. For detailed information see [5] 

2 See [4], [1] or [7] for the US market. For studies on other markets compare [3] 
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developments. However, by explaining returns through a reasonable 
model, under the assumptions of the model predictions can be made. 

4 Analysis 

The index returns are analysed in two ways. Firstly, an efficient market 
is presumed. Under this assumption the three factor model based on 
[2] is used to explain returns based on the risk exposure of each index. 
The second approach looses the assumption of an efficient market and 
implies a mean reverting price process. Such a price process can explain 
return discrepancies of the calculated index methodologies. The author 
considers both perspectives since none of them can be negated. Every 
test of market efficiency includes a joint hypothesis which does not 
allow unambiguous conclusions. 

4.1 Efficient Market 

A multiple regression based on the three factor model shows the risk 
exposures of the index portfolios. The model takes three systematic 
risks into account. Besides the market excess return (r™ — r{) that is 
also incorporated in the CAPM, there is a SMBt (small minus big) and 
a HMLt (high minus low) factor. They refer to the higher risk of small 
firms and companies with low valuation levels respectively. Equation 
1 illustrates the regression equation that is used to calculate the risk 
exposures for each index i. 

r t~ r t = + ffisMB * SMBt + P\jml * HMLt T (1) 

The regression parameters are summarised in table 2. The equal 
weighted index has a high risk exposure to the SMB factor due to its 
bias towards small cap companies. Fundamental indices exhibit relative 
high risk exposures to companies with low valuation levels, expressed 
by the HML factor beta. 

However, a significant part of the superior returns of fundamental in- 
dices are not explained by systematic risk factors. There is a high re- 
gression alpha which contributes to the outperformance of fundamental 
indices without being based on any kind of systematic risk. Importantly 
within the model assumptions this proportion of the return can not be 
considered as persistent since in an efficient market there is no sustain- 
able return without systematic risk. This conclusion is based on the 
presumptions that the market is efficient and the model incorporates 
all risk factors and hence calculates fair values. 
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Table 2. Regression Parameters 



B i 

rn 



Pi 



SMB 



Pi 



HML 



R 2 



MK100 0.0056% 
GG100 0.0248% 
UM100 0.0299% 
MA100 0.0268% 



0.980*** -0.046*** -0.008 0.985 

0.773*** 0.227*** 0.099*** 0.878 
0.924*** -0.002 0.251*** 0.940 

0.988*** 0.069** 0.225*** 0.925 



GK100 0.0497%** 0.954*** 0.044 0.187*** 0.900 

EK100 0.0236%* 0.937*** -0.089*** 0.206*** 0.971 
DV100 0.0295%* 0.853*** -0.050** 0.195*** 0.944 



: or *** i n di ca te that the null hypothesis of an arithmetic mean of zero 
is rejected with a 10%, 5% or 1% level of significance respectively. 



4.2 Inefficient Market 

In inefficient markets prices differ from fair values. The likelihood that 
market participants identify irrational prices increases with the extent 
of mispricing. Consequently, prices revert to their fair value in inefficient 
markets, which lead to a mean reverting price process. 

Given the fact that prices are mean reverting, [6] shows that a re- 
turn drag of market cap weighted indices can be deduced. Certainly 
there is no way to definitely identify over- and undervalued companies. 
However, there is a systematic failure in the capitalisation weighted 
index methodology. Since the weighting is dependent on market valua- 
tion, a positive mispricing will automatically lead to a higher weight in 
the index. Consequently, compared to market independently weighted 
indices, traditional market cap weighted indices relatively overweight 
overvalued companies and relatively underweight undervalued compa- 
nies. Regardless of differences in exposure to systematic risks, whenever 
prices are mean reverting, the market cap weighted index is expected to 
exhibit inferior returns in comparison to fundamental or equal weighted 
indices. 

Under the assumption of an inefficient market with mean reverting 
prices, the return advantage of fundamental indexes that is not based on 
systematic risk factors can be considered as persistent. This conclusion 
differs fundamentally from the implications in an efficient market where 
the regression alpha was considered as a non-sustainable part of the 
index returns. 
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5 Conclusion 

The empirical results as well as the conclusions of the analysis indicate 
that fundamental indices are contributing to the universe of passive in- 
vestment products. Without being actively managed, fundamental in- 
dices capture a value premium through placing emphasis on companies 
with low valuation levels. The regression shows that this significantly 
accounts for the superior performance of fundamental indices. 

Apart from the risk exposure to value companies, there is a return ad- 
vantage for fundamental indices when prices are mean reverting. Given 
this assumption fundamental indices deliver a real added value since 
investors do not have to bear any additional risk to justify the extra 
return. 
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Summary. If we trade in financial markets we are interested in buying at 
low and selling at high prices. We suggest an active reservation price based 
trading algorithm which tries to solve this type of problem. The effectiveness 
of the algorithm is analyzed from a worst case point of view. We want to 
give an answer to the question if the suggested algorithm shows a superior 
behaviour to buy-and-hold policies using simulation on historical data. 



1 Introduction 

Many major stock markets are electronic market places where trading 
is carried out automatically. Trading policies which have the potential 
to operate without human interaction are often based on data from 
technical analysis [5, 3, 4]. Many researchers studied trading policies 
from the perspective of artificial intelligence, software agents or neural 
networks [1, 6]. In order to carry out trading policies automatically 
they have to be converted into trading algorithms. Before a trading 
algorithm is applied one might be interested in its performance. The 
performance of trading algorithms can basically be analyzed by three 
different approaches. One is Bayesian analysis, another is assuming un- 
certainty about asset prices and analyzing the trading algorithm under 
worst case outcomes. This approach is called competitive analysis [2]. 
The third is a heuristic approach where trading algorithms are ana- 
lyzed by simulation runs based on historical data. We apply the second 
and the third approach in combination. 
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The reminder paper is organized as follows. In the next section different 
trading policies for a multiple trade problem are introduced. Section 
3 presents detailed experimental findings from our simulation runs. In 
the last section we finish with some conclusions. 

2 Multiple Trade Problem 

In a multiple trade problem we have to choose points of time for sell- 
ing current assets and buying new assets over a known time horizon. 
The horizon consists of several trading periods i of different types p 
with a constant number of h days. We differ between p = 1,2, ... ,6 
types of periods numbered with i = 1 ,...,n(p) and length h from 
{7, 14, 28, 91, 182, 364} days, e.g. period type p = 6 has length h = 364 
days. There is a fixed length h for each period type p, e.g. period length 
h = 7 corresponds to period type p = 1, period length h = 14 corre- 
sponds to period type p = 2, etc. 

We differ between three trading policies. Two elementary ones are Buy- 
and-Hold ( B + H ), a passive policy, and Market Timing (AIT), an 
active policy. The third one is a Random (Rand) policy. To evalu- 
ate the policies’ performance empirically we use an optimal algorithm 
called Market ( MA ) as a benchmark. We assume that for each period 
i there is an estimate of the maximum price M(i) and the minimum 
price m(i). Within each period i = 1 ,...,n(p) we have to buy and 
sell an asset at least once. The annualized return rate R(x), with x 
from {MT, Rand, B + H, M A} is the performance measure used. At 
any point of time a policy either holds an asset or overnight deposit. 
In order to describe the different policies we define a holding period 
with respect to MT. A holding period is the number of days h between 
the purchase of asset j and the purchase of another asset j' ( j ' / j) 
by MT. Holding periods are determined either by reservation prices 
RPj(t ) which give a trading signal or by the last day T of a period. 

MARKET TIMING (MT). Calculates RPj(t) for each day t for 
each asset j based on M(i) and m(i). The asset j* MT buys within 
a period is called MT asset. An asset j* is chosen by MT if RPj * ( t ) — 
Pj*(t ) = max {RPj (t) — Pj(t)\j = 1 ,...,m} and Pj*(t ) < RPj*(t). 
Considering RPj*(t) MT must decide each day t whether to sell 
AIT asset j* or to hold it another day: the first offered asset price 
Pj*(t) with p 3 * (t) > RPj*(t ) is accepted by MT and asset j* is sold. 
If there was no signal by RPj*(t ) within a period trading must be 
executed at the last day T of the period, e.g. MT must sell asset 
j* and invest asset j' (j' / j*). 
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RANDOM (Rand). Buys and sells at randomly chosen prices Pj*(t ) 
within the holding period. 

BUY AND HOLD ( B + H). Buys j* at the first day t and sells at 
the last day T of each period. 

MARKET (MA). Knows all prices Pj*(t ) of a period in advance. 
Each holding period MA will buy the MT asset at the minimum 
possible price p m in > m(i) and sell at the maximum possible price 
Pmax — M(l). 

The performance of the investment policies is evaluated empirically. 



3 Experimental Results 

Simulations of the trading policies discussed in Section 2 are run for all 
six period types with number n(p) from {52, 26, 13, 4, 2, 1} and length 

h. Clearly the benchmark policy MA cannot be beaten. Simulations 
are run on Xetra DAX data for the interval 2007/01/01 to 2007/12/31 
in oder to find out 

(1) if MT shows a superior behaviour to buy-and-hold policies 

(2) the influence of m and M on the performance of MT 

Two types of B+H are simulated. ( MTb+h ) holds the MT asset within 
each period and (Indexs + #) the index over the whole time horizon. 
MTb+h is synchronized with MT, i.e. buys the MT asset on the first 
day and sells it on the last day of each period. Indexs+H is a common 
policy and often used as a benchmark. In addition the random policy 
Rand buys and sells the MT asset on randomly chosen days within a 
holding period. 

We first concentrate on question (1) if MT shows a superior be- 
haviour to MTb+h and Index^+z/. Simulation runs with two dif- 
ferent reservation prices are carried out, called A and R. For cal- 
culating both reservation prices estimates from the past are used, 

i. e. in case of a period length of h days m and M are taken from 
these h days which are preceding the actual day t* of the reservation 
price calculation, i.e. m = min {p(t)\t = t* — 1, t* — 2, . . . , t* — h} and 
M = max {p(t)\t = t* — 1, t* — 2, . . . , t* — h}. Table 1 displays trading 
results under transaction costs. For MA, AIT and Rand) transaction 
costs are the same; all follow the holding period of MT. The MT policy 
for both reservation prices, R and A, dominates MTb+h and Index# + # 
in two cases (1 and 4 weeks). MTb+h dominates MT and Index^+// in 
two cases (6 and 12 months). Indexs + # dominates MT and MTb+h 
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Table 1 . Annualized return rates for different period lengths 



Historic R Annualized Returns Including Transaction Costs 



Policy 


1 Week 


2 Weeks 


4 Weeks 


3 Months 


6 Months 


12 Months 




n(7) = 52 


n(14) = 26 


n(28) = 13 


n(91) = 4 


n(182) = 2 


n(364) = 1 


MA 


418.18% 


138.40% 


201.61% 


47.93% 


72.95% 


61.95% 


MT 


41.08% 


1.37% 


54.86% 


6.08% 


32.39% 


31.35% 


MTb+h 


9.70% 


0.50% 


17.18% 


15.80% 


45.30% 


35.29% 


Index_B + fj 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


Rand 


-23.59% 


-21.23% 


17.18% 


-18.23% 


6.20% 


15.42% 




Historic A 


Annualized Returns Including Transaction Costs 


Policy 


1 Week 


2 Weeks 


4 Weeks 


3 Months 


6 Months 


12 Months 




n( 7) = 52 


ra(14) = 26 


n(28) = 13 


n(91) = 4 


n(182) = 2 


n(364) = 1 


MA 


437.14% 


164.44% 


201.61% 


50.27% 


75.27% 


61.94% 


MT 


31.52% 


13.37% 


57.02% 


2.09% 


45.28% 


34.50% 


MTb+h 


7.45% 


11.53% 


17.18% 


15.80% 


45.29% 


35.28% 


Index s+ff 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


Rand 


-1.49% 


-12.97% 


5.36% 


-20.80% 


24.37% 


12.64% 



in two cases (2 weeks and 3 months). MT generates the best overall 
annual return rate when applied to 4 weeks. In case R MTb+h gener- 
ates the worst overall annual return rate when applied to 2 weeks, in 
case A when applied to 1 week. MTb+h improves its performance in 
comparison to Index#.)-# and MT proportional to period length h. The 
longer the period the better the relative performance of MTb+h ■ MT 
outperforms Index^B+z/ in two-thirds and MTb+h hr one-thirds of the 
cases. If period length h < 4 MT outperforms MTb+h in all cases and 
if h > 4 MTb+h outperforms MT in all cases. Index^+H outperforms 
MTb+h hi half the cases. If we consider the average performance we 
have 27.86% for MT, 20.78% for IndexB+H, and 20.63% for MTb+h 
in case R and 30.63% for MT, 20.78% for Indexs + #, and 22.09% for 
MTb+h hr case A. MT is best on average. On average MT shows a 
superior behaviour to B + H policies under the assumption that m and 
M are based on historical data. 

In general we assume that the better the estimates of m and M the 
better the performance of MT. Results in Table 1 show that the longer 
the periods the worse the relative performance of MT. This might 
be due to the fact that for longer periods historical m and M are 
worse estimates in comparison to those for shorter periods. To analyze 
the influence of estimates of m and M simulations are run with the 
observed m and M of the actual periods, i.e. we have optimal estimates. 
Results shown in Table 2 have to be considered in comparison to the 
results for historic estimates in Table 1. Now we can answer question 
(2) discussing the influence of m and M on the performance of MT. In 
all cases the returns of policy AIT improve significantly when estimates 
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Table 2. Annualized returns for optimal historic estimates 



Clairvoryant R 


Annualized Returns Including Transaction Costs 


Policy 


1 Week 
n( 7) - 52 


2 Weeks 
n(14) - 26 


4 Weeks 
n(28) = 13 


3 Months 
n(91) = 4 


6 Months 
n(182) - 2 


12 Months 
n(364) = 1 


MA 


418.18% 


315.81% 


280.94% 


183.43% 


86.07% 


70.94% 


MT 


102.60% 


87.90% 


76.10% 


81.38% 


55.11% 


54.75% 


MTb+h 


9.70% 


-4.40% 


22.31% 


19.79% 


45.30% 


35.29% 


Index_B + jf 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


Rand 


-23.59% 


-101.3% 


-10.67% 


47.37% 


46.08% 


15.42% 



Clairvoryant A Annualized Returns Including Transaction Costs 



Policy 


1 Week 
n(7) = 52 


2 Weeks 
n(14) = 26 


4 Weeks 
n(28) = 13 


3 Months 
n(91) = 4 


6 Months 
n(182) = 2 


12 Months 
n(364) = 1 


MA 


437.14% 


317.87% 


271.57% 


153.68% 


66.33% 


76.14% 


MT 


119.77% 


98.11% 


85.65% 


63.61% 


46.55% 


62.65% 


MTb+h 


6.21% 


-4.40% 


27.16% 


19.79% 


45.30% 


35.29% 


Index B+Jf 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


20.78% 


Rand 


-34.04% 


-24.39% 


-19.67% 


52.93% 


26.01% 


37.18% 



of m and M are improved. For all period lengths MT is always better 
than MTb+h and Index^+H- The estimates of m and M are obviously 
of major importance for the performance of MT. 



4 Conclusions 

To answer the questions from section 3 24 simulation runs were per- 
formed. In the clairvoyant test set MT outperforms B + H in all cases 
even under transaction costs. Tests on historical estimates of m and M 
show that MT outperforms B + H in one-thirds of the cases and also 
on average. We conclude that if the period length is small enough MT 
outperforms B + H. It is obvious that the better the estimates of m and 
M the better the performance of MT. Results show that the shorter 
the periods, the better the estimates by historical data. As a result, the 
performance of MT gets worse the longer the periods become. It turned 
out that the shorter the periods the less achieves MT in comparison to 
MA. A MT trading policy which is applied to short periods leads to 
small intervals for estimating historical m and M. In these cases there 
is a tendency to buy too late (early) in increasing (decreasing) markets 
and to sell too late (early) in decreasing (increasing) markets due to 
unknown overall trend directions, e.g. weekly volatility leads to wrong 
selling decisions during an upward trend. 

The paper leaves some open questions for future research. One is that 
of better forecasts of future upper and lower bounds of asset prices 
to improve the performance of MT. The suitable period length for 
estimating m and M is an important factor to provide a good trading 
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signal. Simulations with other period lengths for estimating m and M 
could be of interest. Moreover, the data set of one year is very small. 
Future research should consider intervals of 5, 10, and 15 years. 
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Summary. The location planning of emergency service stations is crucial, 
especially in the populated cities with heavy traffic conditions such as Istan- 
bul. In this paper, we propose a Backup Double Covering Model (BDCM), a 
variant of the well-known Maximal Covering Location Problem, that requires 
two types of services to plan the emergency service stations. The objective 
of the model is to maximize the total population serviced using two distinct 
emergency service stations in different time limits where the total number of 
stations is limited. We propose a Tabu Search (TS) approach to solve the 
problem. We conduct an extensive experimental study on randomly gener- 
ated data set with different parameters to demonstrate the effectiveness of 
the proposed algorithm. Finally, we apply our TS approach for planning the 
emergency service stations in Istanbul. 



1 Introduction 

The location planning of emergency medical service (EMS) stations 
is crucial, since an effective planning of these stations directly affects 
human life protection. In the last 30 years, a lot of research effort has 
been spent in the literature to plan the locations of both fire brigade 
and EMS stations. [1] and [7] provide a good review of these studies. 
In this paper, we propose a Backup Double Covering Model (BDCM), 
a variant of the well-known Maximal Covering Location Problem, that 
requires two types of services. The proposed Backup Double Covering 
Model (BDCM) is conceptually similar to Maximal Covering Location 
Model in [3], Double Coverage Model in [5], and Backup Coverage 
Model in [8]. Metaheuristic approaches have been successfully employed 
for solving such models, e.g. [5] proposed a Tabu Search (TS) algorithm 
to plan the EMS stations in Montreal and [4] compared the performance 
of Ant Colony Optimization to that of TS in Austria. In this paper, 
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we propose a TS approach and test its performance on both randomly 
generated data and data gathered for Istanbul. 



2 Backup Double Coverage Model 

For location planning of EMS stations, we propose BDCM where two 
types of service requests are fulfilled. Our aim in having a double cov- 
ering model is to provide a backup station in case no ambulance is 
available in the closer station. In the proposed model, the objective 
is to maximize the total population serviced within t\ and £2 minutes 
(ii < £ 2 ) using two distinct emergency service stations where the total 
number of stations is limited. If a region is covered by any emergency 
service stations, we assume that the whole population in this region 
is covered. BDCM originally proposed by [2] is as follows: M : set of 
demand regions, N: set of location sites, K: Maximum number of EMS 
stations to be opened and Py Population of region j. 

( 1, if station in location i can reach region j in fi time units 
13 y 0, otherwise 

^ f 1 , if station in location i can reach region j in f 2 time units 
13 1 0, otherwise 

Decision variables: 

_ J 1 , if a station is opened in location i 
1 \ 0, otherwise 

_ J 1 , region j is double covered 
^ 3 | 0, otherwise 



max J2 P jVj 
j£M 

subject to 


(1) 


VI 


(2) 


dijXi - Vj > 0, Vj G M 

ieN 


(3) 


^2 h ij x i - 2 Vj > V j G M 

ieN 


(4) 



Xi G {0, 1}, Vi G N, y 3 G {0, 1}, Mj G M 



(5) 
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The objective of the model is to maximize the population which is 
double covered with a backup station. Constraint 2 imposes the total 
number of stations that can be opened. Constraints 3 ensure that any 
demand point must be covered in t\ minutes in order to be covered 
multiple times. Constraints 4 ensure that yj takes the value 1 if location 
j is double covered by two distinct stations. Constraints 5 show that 
all the decision variables are binary. 



3 Tabu Search Approach 

TS is a local search technique that was originally developed by [6] . Us- 
ing an initial feasible solution TS investigates the neighbors of the exist- 
ing solution in each iteration in an attempt to improve the best solution 
obtained so far by trying to escape local optima. Thus, new candidate 
solutions are generated by using different neighborhood search meth- 
ods. In order to avoid the repetition of the same solutions, TS forbids 
a given number of moves by keeping these moves in a tabu list. The 
moves in the tabu list are not accepted unless they provide solutions 
better than a pre-determined aspiration level. 

In our TS approach, three initialization methods are utilized for com- 
parison. A random method, where we randomly select K stations 
among potential locations; a steepest-ascent method, where essentially 
pairs of stations are opened that gives the maximum additional dou- 
ble coverage per station; and a Linear Programming (LP) relaxation 
method, where the relaxation of the model is solved and integer x^s 
in addition to maximum fractional Xi are fixed at 1 and the resulting 
model is solved until the maximum number of stations are opened. 
The outline of the TS algorithm is as follows. First an initial solution is 
obtained using one of the methods described above. Then we find the 
station pair whose closing and opening provides the largest objective 
function value. We decided to use two separate tabu lists, one of which 
for the station opened and the other for the closed one. If they are not 
in the tabu list, we do the exchange and update objective function value 
if necessary. If at least one move is in tabu list, the moves are executed 
if the aspiration criteria is satisfied. Otherwise, we repeat the above 
steps. To avoid cycling, we replace the station to be closed with the 
station resulting in the least decrease in the current objective function 
if the current objective function value remains same during the last k\ 
iterations. If the best-so-far objective function value does not improve 
during the last k 2 iterations, we perform random diversification by 
randomly closing and opening a station. The diversification mechanism 
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improves the solution quality significantly. This procedure is repeated 
for k$ iterations. 



4 Experimental Study 

After making experiments on randomly generated data, we decided to 
use k\ = 5, &2 = 15 and k% = 5000. The tabu list size is chosen as 7 
and aspiration level of 100% of the best solution is used. 

A set of problem instances with different number of potential stations 
and demand points are generated to test the efficiency of the proposed 
TS. The algorithms are coded in C++ and executed on 1.7 GHz Intel 
Celeron with 512 MB RAM. Our data set includes problems with dif- 
ferent number of potential stations and demand points are generated 
200, 300, 400, and 500 demand regions. The demand regions are dis- 
tributed uniformly within a square area. The total number of potential 
sites is set equal to 100%, 75%, and 50% of the number of demand 
points. For each demand point-location site configuration we have gen- 
erated 5 problem instances. Thus a total of 60 problem instances were 
generated. The average speed of the ambulances is assumed to be 40 
km/h and Euclidean metric is assumed as the distance measure. Us- 
ing these data and bij values are obtained. The populations of the 
demand regions were generated from an exponential distribution with 
mean 1000. The values of t\ and £2 are set equal to 5 minutes and 
8 minutes, respectively, as determined by the Directorate of Instant 
Relief and Rescue (DIRR). 

The results are compared with respect to different initialization mech- 
anisms as well as against solutions obtained by OPL Studio 5.5 with 
CPLEX 11.0 (will be referred as CPLEX). First, we investigate the per- 
formance of the initialization heuristics benchmarked against the solu- 
tion obtained using CPLEX. While the random heuristic gives a gap 
of 54.89% on the average, steepest-ascent and LP-relaxation heuristics’ 
performances are similar: 6.95% and 7.18%, respectively. The gap is 
calculated as (CPLEX solution/initialization heuristic solution)-l. 
Next we investigate the performance of TS approach. In Table 1, we 
report the average results of all 60 problem instances. In these experi- 
ments, CPLEX time limit is set to 600 seconds for problems with less 
than 300 potential locations and 1200 seconds for others. TS1, TS2, and 
TS3, respectively, refer to the TS with the random, steepest-ascent, and 
LP-relaxation initialization approaches, respectively. As seen in Table 
1, all three TS approaches provide good results in comparison with 
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CPLEX 


TS1 


TS2 


TS3 


Regions 


Potential 

locations 


Time (s) 


% Gap 


Time (s) 


% Gap 


Time (s) 


% Gap 


Time (s) 


200 


200 


31 


0.35 


90 


0.26 


93 


0.20 


141 


200 


150 


9 


0.10 


71 


0.00 


75 


0.04 


123 


200 


100 


6 


0.05 


45 


0.00 


49 


0.05 


84 


300 


300 


558 


0.20 


298 


0.17 


299 


0.03 


392 


300 


225 


18 


0.04 


232 


0.23 


227 


0.21 


308 


300 


150 


11 


0.69 


157 


0.82 


152 


0.51 


223 


400 


400 


1200 


0.33 


646 


0.14 


584 


0.33 


874 


400 


300 


257 


0.35 


509 


0.66 


469 


0.12 


710 


400 


200 


54 


0.35 


306 


0.25 


325 


0.34 


499 


500 


500 


1200 


0.00 


1182 


0.09 


1254 


0.12 


1618 


500 


375 


872 


0.65 


1136 


0.50 


1001 


0.44 


1416 


500 


250 


162 


0.69 


686 


0.47 


597 


0.45 


960 


Average 


365 


0.32 


447 


0.30 


427 


0.24 


612 



the solutions found by CPLEX whose average computation time is 365 
seconds. 



5 Planning The Locations of EMS Stations in Istanbul 

Since Istanbul is a large and populated city, we agreed on a quarter-wise 
analysis with the DIRR. This corresponds to a total of 710 quarters, 243 
in the Asian side and 467 in European side. We forecasted the popula- 
tion for each quarter based on the data provided by Turkish Statistical 
Institute (TUIK). Reachability data (a t j, bij) for the quarters were col- 
lected by the help of the experienced ambulance drivers of the DIRR. 
We assume that each quarter is a potential station site. Furthermore, 
the response across European and Asian sides is not allowed. The num- 
ber of stations is determined as 35 by the DIRR. CPLEX solved this 
problem in 50 seconds. This rather short solution time is possibly due 
to the fact that Istanbul data have certain characteristics different than 
the random data. The computational results for Istanbul are shown in 
Table 2. 



6 Conclusion 

In this study, we present a mathematical model to plan the locations 
of EMS stations. Since this problem is intractable for large-scale cases, 
we propose a TS solution approach. We test the performance of the 
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Table 2. Results for Istanbul 





CPLEX 


TS1 


TS2 


TS 3 


% Coverage 


74.75 


73.77 


74.63 


74.60 


Time (s) 


50 


182 


166 


193 


% Gap 


- 


1.30 


0.16 


0.20 



TS with different initialization methods on randomly generated data 
as well as the data we collected for Istanbul. The results show that 
our TS approach with either initialization method provide good results 
compared to the solutions obtained using CPLEX. Further research on 
this topic may focus on the multi-objective modelling of the problem 
by considering the investment and operating costs of the stations and 
ambulances. Another interesting extension would be the multi-period 
version of the problem, where there is a maximum number of additional 
stations that can be opened at every period. 
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Summary. Concerning increasing carbon emissions and resulting climate 
change discussions, methods to assess corporate carbon emissions gain im- 
portance in research and practice. A transparent and integrated method for 
decision support to control ratios like eco-efficiency does not exist. Against this 
background, a concept for the implementation of carbon emission accounting 
indicators into decision-making processes has been developed, which consists 
of different aggregation levels and their connections. Within this contribution, 
a model for the level of internal planning is presented and applied to assess 
carbon reduction provisions of a dyeing company. 



1 Introduction 

In research and practice, instruments to assess a company’s perfor- 
mance in terms of economic and ecological aspects are gaining impor- 
tance. These instruments could be classified in external performance 
measurement and internal planning models. On the level of external 
performance measurement, ratios for emission accounting (und thus 
reduction) gain importance. However, these ratios are highly aggre- 
gated and do not deliver any information necessary for improvement 
measures. In order to improve the ratio over time, it is not sufficient 
that the ratio is calculated and published once a year. Instead, the 
ratio has to be implemented into decision making processes. On the 
level of decision making processes, indicators are treated isolated (e.g 
Life Cycle Assessment - LCA), which leads to a lack of acceptance. 
Decision makers don’t know how to consider ecological aspects. Since 
2005, companies of some branches trade with emission certificates. But 
studies have shown, that decision relevant emission reduction costs are 
widely unknown [1], 



B. Fleischmann et al.(Eds.), Operations Research Proceedings 2008, 

DOI: 10.1007/978-3-642-00142-0 8, © Springer- Verlag Berlin Heidelberg 2009 



47 



48 Britta Engel, Grit Walther, and Thomas S. Spengler 

The two groups of instruments show clearly, that there is a loophole be- 
tween external performance measurement and internal planning mod- 
els. A hierarchical model has been developed to overcome this loophole 
as presented within [2]. The assessment of companies, either conducted 
by non-governmental organizations or the company itself is based on 
external and historical data (level of external performance measure- 
ment). On the medium level (level of internal performance measure- 
ment), organizational units like sites are assessed in terms of economic 
and ecological aspects. Since the ratio is disaggregated in the different 
dimensions, e.g. value added and carbon emissions, improvement po- 
tentials can be analyzed. So far, external as well as internal evaluations 
and benchmarking are based on ex-post data of sites and companies. 
Thus, the performance is only known subsequently, and improvements 
are no longer possible. Therefore, it is the aim at the bottom level 
(level of internal planning models) to plan and implement efficient al- 
ternatives ex-ante. Therefore, it is the aim of this paper to shape the 
level of internal planning models. A planning model, which considers 
both economic and ecological aspects, is presented. Finally, the model 
is applied to the case study of a textile supply chain. 



2 Internal Planning Model 

The task on the level of internal planning models is to identify rele- 
vant emission reduction options and to assess these options in terms of 
economic and ecological aspects. If an integrated consideration of eco- 
logical aspects is carried out in literature, ecological aspects are as of 
now integrated in four ways: One group of methods expresses ecological 
aspects in monetary terms by the current or expected price for emis- 
sion certificates. An examples can be found in [3]. However, emission 
prices are very volatile, and many companies are taking part in emis- 
sion trading. The second group applies weights to every objective (for 
an example see [4]), aiming at a balance between conflicting objectives. 
However, defining these weights is a very subjective procedure. In a 
third group, ecological aspects are regarded by constraints e.g. limits 
for maximal emissions [5] . This form of integration cannot be acceptable 
within the meaning of sustainable development, since (reduction) tar- 
gets are not given in form of legal regulations for all relevant emissions 
and limit values solely set by companies are as subjective as weights. 
Finally, a new perception can be found in literature recently. Following 
the question of how much we have to spend in order to improve the 
ecological quality, trade-offs and efficiency frontiers are calculated [6]. 
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To develop a more specific model, details about the emission reduction 
alternatives need to be known. Emissions can be reduced directly inside 
the company or indirectly along the supply chain or within company 
networks. In the following, we are focusing on direct emission reduction 
alternatives only. Direct carbon emissions reductions can be classified 
in input-orientated measures, technology-orientated measures, applica- 
tion of end-of-pipe technologies, reduction of the production volume 
or qualitative modification of the product portfolio [7]. Since energy 
consumption represents roughly 85 percent of total greenhouse-gas- 
emissions, we are focusing in the following on these input-orientated 
measures. 

To assess carbon emission reduction options in the field of energy con- 
sumption, variable costs of the fuels have to be considered as well as 
investments, if new installations need to be done. The integrated as- 
sessment results in two objective functions: Minimization of emissions 
E and total costs C. Each fuel source has a specific emission factor 
(ej), heat value (hi) and specific costs (ci). The total emissions are 
calculated by multiplication of the emissions factors and the amount 
used of each fuel (xi). Costs resulting from an investment are depre- 
ciations (A), interest (Ii) and operating costs (A)- However, cheaper 
fuels usually have a higher emission rate than the more expensive fuels. 
In the mathematical formulation of the emission-reduction-assessment 
(ERA)-model, which is strongly simplified, we impose the assumptions 
that a company can choose between different fuels i and that the fuels 
can be combined. 



n n 

min ^2 x i * + (A + h + Oi) * yi min ^ e* * Xi (1) 

i= 1 i = 1 

s.t. 

n 

J Xi>Ti (2) 

i= 1 

Xi < M * yi Vi (3) 

l H < Xi Vi (4) 

Xi >0, yi £ {0, 1} Vi (5) 



The total energy demand (A) needs to be fulfilled. Constraint (3) 
guarantees, that a fuel can only be used, if the corresponding invest- 
ment is done (A is a binary decision variabe, M a very big number). 
If emissions are minimized and costs are disregarded, it needs to be 
guaranteed, like constituted within constraint (4), that there is only an 
investment if the corresponding fuel is used. 
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The solution of the model presented above can be conducted with one 
of the approaches described above. Since subjective weighting, moneti- 
zation and diverse treatment of ecological and economic aspects should 
be avoided here, the idea of visual exploration of the efficient frontier 
and trade-offs is selected. As a result of this calculation, the decision- 
maker knows all efficient solutions, i.e. solutions for which there are no 
improvements in one objective possible without associated deteriora- 
tion in the other objective. Thus, the decision-maker can now freely 
decide based on his/her specific trade-offs. 



3 Case Study 

A dyeing-company in India is chosen as a case study since a huge 
amount of thermal energy is needed to dye textiles. The chemicals 
need to be heated to high temperatures in order to penetrate into the 
textiles. 

The company has an heat energy demand of 1.339.200 kWh/a. Cur- 
rently, only diesel is used for heating. Doing so, 329 t/a of carbon 
emissions are produced. The annual costs for heating amount to 68.200 
EUR/ a. Diesel can be substituted by natural gas. After technical retool- 
ing, it is possible to substitute diesel by LPG (other tanks are needed). 
Furthermore, a combined heat and power unit (CHPU) can be installed, 
which produces heat and electricity. The CHPU can be operated with 
natural gas or diesel. The investment for a CHPU is much higher than 
for the combustion alternatives, but the demand of electricity can be 
fulfilled as well. To enable a comparison between electricity producing 
CHPUs and only heat producing constructions, credits are given for 
every kWh electricity produced for both carbon emissions and costs 
[8]. Emission credits, for also producing electric energy, are given to 
the CHPU by multiplying its emissions with the proportion of heating 
energy in the usable energy production (heating and electricity) . Cred- 
its for costs are considered by the market price per kWh electricity, 
which are subtracted from the specific costs of the fuel. The energy 
demand can be obtained by one of these fuels or linear combination of 
the alternatives. Parameters of the fuels are shown in table 1. 

To calculate the efficient frontier, the two objective functions are op- 
timized separately. The efficient points between these two optima are 
calculated by taking the values of emission as constraint for the cost 
function. In figure 1, the current situation and the linear approxima- 
tion of the efficient frontier for the energy consumption of the dyer is 
shown. As can be seen, to reach the efficient frontier, the lowest total 
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Table 1 . Parameters for calculation (Values for gas is given per m 3 , credits 
for CHPU are already included) 



Fuel 


Di 


Ii 


Oi 


Ci 


et 


hi 




[EUR/a] 


[EUR/a] 


[EUR/a] 


[EUR/1] [kgC0 2 /l] [kWh/1] 


Diesel 


0 


0 


2.304 


0,55 


2,650 


10,80 


LPG 


6.117 


4.588 


6.422 


0,19 


1,631 


12,70 


Natutral gas 


2.778 


2.084 


1.878 


0,23 


2,041 


11,06 


CHPU (diesel) 


17.907 


13.430 


18.802 


0,50 


1,292 


10,80 


CHPU (natural gas) 11.587 


8.690 


12.166 


0,18 


1,204 


11,06 



costs of 34.590 EUR/a can be achieved with the highest emission rate 
of 247 t C02/a. In that case, natural gas is used for heating. Contrary 
to that, the lowest emission level of 146 t C02/a goes along with 54.238 
EUR/a. To reach that point, a CHPU is installed and natural gas is 
used. Between these two extreme points another efficient point exist, 
which can be achieved by usage of LPG. However, there is a trade-off 
between emissions and costs. 




Emissions [t C0 2 /a] 



Fig. 1 . Trade-offs between carbon emissions and annual costs 



The calculated efficient frontier presented in figure 1 consists of points 
which are efficient in terms of Pareto efficiency. Within the efficient 
frontier the dashed line is not acceptable considering ecological aspects, 
because carbon emissions can be freely disposed. To reach the efficient 
frontier, the decision maker can now choose between the presented 
trade-offs. If he prefers lower emissions, he would choose a position 
on the upper left side of the frontier and use a CHPU with natural gas 
for the heating processes. If he prefers to reduce annual total costs, he 
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would choose a point on the lower right side of the frontier and there- 
fore use natural gas. A compromising solution would be the usage of 
LPG. The position, or definite point on the frontier chosen, depends on 
the actual situation respectively the performance measurement results 
of the site assessment. 



4 Conclusions 

Economic and ecological aspects need to be considered on different 
decision-making levels. On the lower disaggregated level, ex-ante plan- 
ning with simultaneous consideration of economic and ecological as- 
pects was done applying a bi-objective model. Thereby, no weighting or 
monetization of the objectives was carried out, but the efficient frontier 
was calculated allowing the decision-maker to opt on trade-offs between 
economic and ecological results. 
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1 Introduction 

Competition forces industrial companies to continuously improve re- 
source efficiency. In the field of recycling of by-products from metal 
industries coke and coal are the most important primary resources. 
Hence, improvements can be achieved either by reducing the necessary 
coke and coal input or by maximizing the production output. As the 
use of coke and coal is also responsible for the major part of their CO 2 
emissions, the enhancement of the resource efficiency also leads to a 
reduction of these. It is the aim of this contribution to further analyze 
the relationship between economic and environmental objectives such 
as the maximization of the contribution margin or the minimization 
of CO 2 emissions in operational production planning. 1 The analysis 
is carried out for two case studies. We use an approach based on a 
problem adequate modeling of the production processes enabling to 
model the input-output relationships between used resources and out- 
puts (products and by-products). In the following section the general 
methodological approach is explained before the case studies are de- 
scribed. Finally conclusions are drawn. 



1 In this context reduction of emissions is possible by adapting the operation of the 
regarded industrial process. Potentials by changing the process itself or adding 
end-of-pipe techniques are not considered. 
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2 Methodological Approach 

In the process industry in general and metallurgical production pro- 
cesses in particular a problem adequate process modeling is necessary 
for production planning approaches. It is important to sufficiently de- 
scribe the relationship between the masses and compositions of the 
input materials and the masses and composition of the resulting (by-) 
products. For this purpose thermodynamic simulation models of the 
relevant production processes are developed with the flowsheet simula- 
tion system Aspen Plus (cf. e.g. [1]). The modeling bases on collected 
process data. This data is used to calibrate and validate the models. By 
sensitivity analyses systematic and independent data series for the out- 
put flows are calculated. Multiple linear regression analyses (cf. e.g. [3]) 
are carried out to determine production functions which describe the 
dependencies between the feed and the output flows. These form the 
core of the planning models. Thus, specific features of the underlying 
processes are regarded within economic planning approaches. 



3 Analyses for the Production of Pig Iron from Ferrous 
Wastes 

In the iron and steel industry large amounts of ferrous wastes, e.g. 
dusts and sludges, accrue which, according to European law, have to 
be utilized if economically feasible. The first case study 2 focuses on the 
utilization of ferrous wastes with low zinc contents in a blast furnace 
process. The plant produces pig iron and a by-product which is charac- 
terized by high zinc concetrations. This zinc contentrate is sold to the 
zinc industry. Further revenues are generated by the use of the blast 
furnace flue gas for electricity generation. Inputs of the process are es- 
pecially coke and fluxes for which costs arise. Further costs arise from 
adsorbents which are used in the gas cleaning facilities and the treat- 
ment of accruing slag and dusts. The input and output flows depend 
on the blending of the ferrous wastes (cf. figure 1). 

The economic objective function of the blending problem maximizes 
the contribution margin which is calculated from the stated cost and 
revenues (cf. [4]). For the calculation of the CO 2 emissions the following 
assumptions are made: CO 2 emissions originate from the sinter strand 
where the carbon content in the feed is nearly totally converted to CO 2 . 
With the exception of an average amount of carbon left in the pig iron 
(3.75%) the coke used in the blast furnace is also converted to CO 2 . 

2 DK Recycling und Roheisen GmbH, Duisburg 
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The objective in this case is the minimization of the resulting emissions 
under the condition that a certain amount of residues is processed. 
The model calculates the composition of the input feed i.e. the amount 
of each raw material. Thereby residues with different zinc and iron 
contents can be used. Restrictions comprise the input-output functions, 
technical requirements, minimal or maximal amounts of residues and 
the number of usable raw materials. 




Fig. 1 . Relevant aggregates and mass and energy flows in case study 1 



The CO 2 emission reduction objective leads to a reduction potential 
of approx. 3% in comparison to the economic optimisation. Due to the 
changes in the feed approx. 1.8% less of pig iron is produced. Thus, the 
specific CO 2 emissions per ton of pig iron are solely reduced by 1.5% 
(cf. table 1). Nevertheless, this has significant influence on the cost and 
revenues. The contribution margin is decreased by 12.6% due to lower 
revenues for utilized wastes which are not compensated by reduced 
costs for coke. Though having a significant negative impact on the 
economic results, the possible improvement concerning the reduction 
of CO 2 emissions is limited. Hence, due to the dominating influence of 
the costs of coke the CO 2 emissions of the economic optimized process 
operation are comparable to the minimization of CO 2 emissions. 
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Table 1 . Selected Results 



Contribution CO 2 emission Deviation 
margin minimisation 
maximisation 



Raw materials 
Pig iron 
CO 2 

CO 2 specific 
Contribution margin 
Specific contribution margin 
Revenues pig iron 
Revenues waste utilisation 
Costs raw materials blast furnace 



1350 [t] 


1350 [t] 


0.00 


[%] 


646.53 [t] 


635.05 [t] 


-1.78 


[%] 


1615.85 [t] 


1563.03 [t] 


-3.27 


[%] 


2.5 [t/t_iron] 


2.46 [t/t_iron] 


-1.52 


[%] 


100.00 [%] 


87.35 [%] 


-12.65 


[%] 


100.00 [%] 


87.35 [%} 


-12.65 


[%] 


100.00 [%] 


98.22 [%] 


-1.78 


[%] 


100.00 [%] 


50.29 [%] 


-49.71 


[%] 


100.00 [%] 


96.19 [%} 


-3.81 


[%] 



4 Analyses for the Recycling of Zinc Bearing Dusts and 
Sludges 

The Best Available Technology for the treatment of ferrous metal 
residues with higher zinc contents is the Waelz Kiln process. In Europe 
an approximate amount of 860,000 tons of such residues originate from 
secondary steel production. In the Waelz Kiln process these residues 
are mixed with coke and fluxes and heated. The contained zinc oxide is 
reduced, vaporised and re-oxidised in the kiln atmosphere. It leaves the 
kiln with the process gas and is separated by bag filters as Waelz oxide 
which then can be further processed by leaching. As a by-product a so 
called Waelz slag accrues. 

The reference company of our second case study 3 operates four such 
recycling plants. The company has to allocate the residues from differ- 
ent sources to the plants. The determination of this allocation has to 
regard transport and production planning aspects in an integrated way 
(cf. figure 2). Costs accrue on the one hand for the transportation of 
the residues to the Waelz plants. On the other hand, depending on the 
allocation of the residues and therefore on the chemical composition of 
the kiln feed, specific amounts of coke and fluxes are required which are 
both connected with costs. The quantity and quality of the produced 
Waelz oxide and the costs for leaching, the revenues for the selling of 
the Waelz oxide as well as the mass of slag, causing utilization fees, 
depend also on the feed. On base of the approach described in section 
2 an optimization model for the described problem is developed. 



3 BEFESA Steel Services GmbH, Duisburg 
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Sources Waelz kilns Zinc 

(e.g. EAF) production 



Fig. 2. Illustration of the planning problem 



In the following we compare the results of the economic optimization 
(contribution margin) to a minimization of CO 2 emissions. The latter 
case regards the reduction potential which can be achieved by reducing 
transports and saving coke within the Waelz process. It is assumed that 
the total amount of residues has to be recycled. The model considers 
capacity limits as well as technical constraints. 

To calculate the CO 2 emissions it is assumed that 90% of the used coke 
is transformed to CO 2 as some coke remains unreacted in the slag and 
the Waelz oxide. We assume transportation by truck and estimate the 
transport CO 2 emissions on base of the average CO 2 emissions per 40 
t truck in Germany of the year 2000 (cf. [2]). 

Table 2 shows the CO 2 emissions and contribution margin of the eco- 
nomic optimization results compared to the results with the lowest CO 2 
emissions. In the latter case the additional emissions caused by trans- 
port are overcompensated by the reduction of used coke. The CO 2 
reduction potential beyond the economic approach is therefore only 
about 1%. Thus, aiming at the most economic solution leads to an eco- 
logical (related to CO 2 ) only little improvable allocation and operation 
of the processes. 



5 Conclusions 

In the metals recycling industries the resource consumption especially 
of coke and coal is a dominating cost driver and responsible for the 
major part of the CO 2 emissions. This contribution analyses two case 



58 Magnus Frohling, Frank Schwaderer, and Otto Rentz 

Table 2. CO 2 emission of the integrated planning approach compared to the 
allocation with least CO 2 emission 



Contribution Allocation with 

margin lowest CO 2 Deviation 
maximisation emission 

CO 2 emission by transportation [t] 

CO 2 emission by recycling process [t] 

Total CO 2 emission 
Contribution margin [MU] 



14,485 [t] 15,199 [t] 4.93 [%] 

240,327 [t] 237,035 [t] -1.37 [%] 

254,791 [t] 252,234 [t] -1.00 [%] 

100 [%] 96,88 {%] -3.12 [%] 



studies from metals recycling and compares production planning ap- 
proaches under the objective of a contribution margin maximization 
and a CO 2 emission minimization. The results show that an exclusive 
consideration of the emission reduction target leads to only small emis- 
sion reduction potentials compared to the economic optimization. At 
the same time economic results can be siginificantly worse. Additional 
measures like emission trading certificates will therefore have very little 
impact on operational production planning. 



References 

1. Frohling M (2006) Zur taktisch-operativen Planung stoffstrombasierter 
Produktionssysteme - dargestellt an Beispielen aus der stoffumwandeln- 
den Industrie. Deutscher Universitats-Verlag: Wiesbaden. 

2. German Federal Environmental Agency (2008) ProBas data base, URL: 
http://www.probas.umweltbundesamt.de, Dessau July 2008. 

3. Hartung J, Elpelt B, Klosener KH (1998) Statistik: Lehr- und Handbuch 
der angewandten Statistik. Oldenbourg: Munich; 

4. Rentz O, Frohling M, Nebel F, Schultmann F, Engels B (2006): Integrier- 
ter Umweltschutz in der Metallerzeugung: Simulationsgestiitzte opera- 
tive Produktionsplanung zur Optimierung metallurgischer Abfallver- 
wertungsprozesse. Universitatsverlag Karlsruhe: Karlsruhe 



Production Planning with Common Parts in 
Closed-Loop Supply Chains 



Jenny Steinborn, Grit Walther, and Thomas S. Spengler 

Institut fur Produktion und Logistik, Technische Universitat Braunschweig, 
Katharinenstr. 3, 38106 Braunschweig 

fj . steinborn, g. walther , t . spengler}@tu-bs . de 

Summary. Common parts in different product variants can lead to decreased 
procurement costs if recovery strategies are applied. Thereby new parts are 
substituted by recovered ones. Since long- or mid-term supplier contracts for 
these new parts exist demand as well as return forecasts are essentially to nego- 
tiate contracts. In this article forecasting issues are addressed and a planning 
procedure to calculate the need of new parts is given. 



1 Introduction 

The costs of material are a considerable part of the costs for the pro- 
duction of a product. Hence, the procurement of material has a de- 
termining impact on the efficiency of production and sales processes 
in the supply chain (SC). By implementing product and component 
recovery management in terms of enhancing the SC to a closed-loop 
supply chain (CLSC) exactly these costs can be decreased. Existing 
attempts show advantages of such strategies for the spare part man- 
agement. Moreover, the substitution of new components by recovered 
ones gains importance, particularly for products with short life cycles 
and many product variants including common parts [6]. 

However, in order to capture arising economic potentials by sale of re- 
covered products or by substitution of new components, the recovery 
strategies have to be implemented into forward production planning 
processes at the OEM as well as in procurement processes along the 
SC. Thereby, not only demand but also return of common parts has to 
be considered ahead of negotiations of frame contracts with suppliers. 
Otherwise, a surplus of common parts exists and the potential of re- 
turned parts cannot be exploited. 
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Accordingly, forecasts are needed not only for demand but also for re- 
turn of common parts. Subsequently, a planning procedure calculating 
the need of new parts is to be implemented comparing the forecasted 
demand and return. Since the quality of a return determines the ef- 
fort and cost of the recovery, not all returned products and parts can 
be recovered under economic viewpoint. Hence, the quality of returns 
need to be considered as well while determining the need for new parts. 
Thus, uncertainties have to be taken into account with regard to de- 
mand and return quantities, but also with regard to the quality of the 
returned products and parts. This becomes even more complicated if 
product recovery takes place, i.e. if different states of product demand 
have also be taken into account. Thus, complexity of planning proce- 
dures increases tremendously. 

Against this background, a planning procedure to determine the need 
of new parts is developed in the following. Product variant forecasts are 
addressed first to provide a basis for common part forecasts. Thereupon 
different possibilities to include the quality of returns into the planning 
procedure are regarded. 



2 Forecasts and Component Substitution 

At tactical level demand and return forecasts are inevitably. Exist- 
ing forecast approaches in CLSC mainly concern the amount and time 
of product returns. Here, the availability of data which leads to fore- 
casts with entire or incomplete information (e.g. [2], [4]) or forecasts 
with general and product-individual data (e.g. [5]) is discussed. Since 
returned amounts depend on sales of the past periods life cycle data 
like time of sale and time of utilisation are included in forecasts (e.g. 
[4]). An enhancement of such product forecasts to determine the need 
of new parts occurs rarely (e.g. [1], [3]). 

Nevertheless, existing approaches do not consider the quality of prod- 
ucts or components in return as well as demand. Therefore, the inte- 
gration of quality aspects in demand and return forecasts is discussed 
in the following. 

A demand forecast for the different product variants and its compo- 
nents is already done in SC when setting up supplier contracts. At 
this, through bill explosion the demand of common parts is determined. 
However, common parts can not only be used in different variants of 
new products, but also in recovered products. Thereby recovered prod- 
ucts can differ in quality (e.g. as-new, used, repaired) depending on 
the market segment where they are sold. Thus, demand forecasts for 
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common parts must be enhanced taking different product variants of 
new products into account as well as different qualities of recovered 
products. 

In the following we assume that an exponential demand function Ff* (t) 
for every new and recovered product variant i with parameters af, Pf 
and jf can be prepared. 

F?{t)= 1 ?e\ e? ) (1) 

A comparable function can be developed for product return. However, 
while the parameters of the demand functions are determined through 
time series analysis of past variants, the parameters af, Pf and jf of 
return functions depend on former sales of the same variant and thus 
on the demand function. Hence Ff (t) can be derived from F,f (t) due 
to changes in parameters. 

Parameter a describes the movement on the x-axis. Since returns ar- 
rive after the demand was satisfied af < af must be fulfilled. The 
difference in af and af determines the expected value of time of prod- 
uct usage. A stretching or compression along the x-axis caused by pa- 
rameter f3 can be neglected if an average time of usage is assumed 
(Pf = Pf). Parameter 7 forms the stretching or compression along the 
y-axis. Since not all sold products return, a compression of the curve 
occurs ( 7 f > 7 f). 

An aggregated confrontation of the demand and the return gives a first 
clue for the new part need and the potential of substitution. Functions 
of demand Ff (t) and return Ff (t) over time t for the different variants 
i are determined first. If the amount Vi p of common part p is included 
in product variant i. the demand function Fjf [t) for common part p 
can be determined as follows: 

Fff (t) = Y j Vi P FP if ( 2 ) 

i 

Analogously the return of the common part F p ~ max (t) arises by the 
aggregation of all returns of product variants: 

= (*) (3) 

i 

The minimal amount of a part purchase ™ in to be constituted in supply 
contracts in order to cover a time span (a, b) is thus given by the 
following integral: 
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purchase ™ in = / F? (t) - F 



pR—max 



(i) dt 



( 4 ) 



The maximum amount to be constituted purchase™ ax is automatically 
given by the demand function without consideration of returns. 



purchaseP ax = 



F?(t)dt 



(5) 



The difference between purchase™™ and purchase™ ax thus constitutes 
the potential of substitution of new common parts by recovered ones. 
The time of utilisation determines the quality of a component to a large 
extent. Utilisation time of components depends on the utilisation time 
of product variant each having individual average times of usage. How- 
ever, components can be used in various new product variants as well as 
in recovered product variants. Hence, for the determination of the need 
of new parts an estimation of the number of returning components 
with their remaining time of utilisation is needed for every common 
part. Such a forecast is very costly and, besides, it assumes the storage 
or possibility of the inquiry of data of utilisation for each single com- 
mon part. Therefore, data on the fraction of reusable common parts in 
returned products is estimated out of past data on returns. Thus an 
average value r p is determined. Thereby a return function F p pr ° 9 1 (t) 
is derived and the amount of new parts to be considered in supply con- 
tracts ( purchase ;° al ) is calculated depending on the average fraction 
of reusable parts. 



jpR-progl _ 



( 0 — r p u ipFi (t) 



( 6 ) 



purchase 9 ; 091 = / FP (t) - FP ~ pr ° 91 (t) dt 



(7) 



Nevertheless, the fraction of reusable common parts may not be steady 
over time. If a common part is introduced, i.e. procured for the first 
time, products contain only new components of this common part. 
Thus, the condition of returned components of this common part will 
be good for nearly every returning component. Consequently all com- 
ponents can be used for recovery. After a certain time, some com- 
ponents have been used (recovered) several times but there are also 
newly produced components used. Hence, a lower quality level will re- 
sult taking into account the recovery, demand and the life span of the 
component. However, by the end of the production of a certain com- 
mon part the average quality of the return will decrease, because new 
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parts are no longer produced. Instead of the average value r p a func- 
tion r p (t) can thus be used to consider quality aspects. Thereby, a re- 
turn function F p pro 92 (t) results for the determination of the amount 
( purchase p ro 92 ) to be negotiated in supply contracts: 

F R-prcg2 ( t ) = r p (t) VipF? (() (8) 

i 

fb 

purchase^ 092 = / F» (t) - F*- pr ° 92 {t) dt (9) 

J a 

Due to the quality considerations presented above the potential de- 
scribed formerly through purchase 1 ™'' 1 and purchase™ ax decreases. The 
coherences explained above are shown in figure 1. 




Fig. 1 . Influence of return quality on component substitution 



The need of new parts to constitute in contracts can be determined 
through the procedure explained above. A variance of this constituted 
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amount can result from uncertainties in amount, time and quality. 
These variances can lead to a surplus in new parts (storage and or 
material recycling of reusable common parts) or to shortfalls. Short- 
falls result in a non-satisfaction of the demand and are to be avoided, 
if possible, by acquisition from the spot market. Nevertheless, high 
costs emerge in such a case. Thus, decisions have to be taken regarding 
the trade-off between economic potential and substitution of new parts 
by recovered ones and economic risks resulting from uncertainties in 
quality and quantity of return. 



3 Conclusion 

In this article questions concerning forecast to determine future de- 
mand and return are addressed. A planning procedure calculating the 
new part need by comparing the demand and return forecast is given. 
Because of uncertainties in quantity and quality of returned products, 
complexity of planning procedures increases tremendously. 
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1 Introduction and Research Purpose 

A solid theoretical basis related to production planning for different 
process systems has been established in the literature. However, con- 
tinuous flow process industries with non-discrete items remain least 
researched with respect to specific theoretical and optimization issues. 
The purpose of this work is to locate continuous non-discrete produc- 
tion within the theoretical frameworks and apply planning techniques 
on a concrete industrial example. Subsequently, two mathematical op- 
timization models are developed and analyzed in conjunction with their 
practical implications and computational results. 1 The first formulation 
allows for a better utilization of the production capacity with respect to 
energy costs, whereas the second one maximizes the production output. 

1.1 Theoretical Frameworks and Issues 

As previously cited, continuous flow production systems are least re- 
searched with respect to specific theoretical and optimization issues 
[1]. This development is explained by a common contrasting of discrete 
and non-discrete industries with less consideration to the variety of 
the latter (e.g., oil refineries, chemicals, food, roofing, glass and fiber- 
glass). This disbalance is a consequence of a univocal acceptance of the 
classic product-process matrix [2] , which contributes to unawareness of 
its shortcomings and forecloses promising research directions. This is 
further exacerbated by the mounting body of works that hinder the in- 
dustry type distinctions and concentrate on discrete manufacturing [3] . 



1 None of the absolute values can be presented for confidentiality reasons 
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Concurrently, due to process complexities observed within this produc- 
tion type, the focus has rested with process control and automation. 
Moreover, planning solutions are hard to obtain and their feasibility 
set is limited. Therefore, lesser emphasis has been put on production 
planning in such environments. 



2 Description of Production System 

This paper considers a processing industry company in Europe. Us- 
ing a set of specified materials, the company manufactures a range of 
commodity products that are distributed to its customers via one or 
two distribution levels. The researched manufacturing facility is a non- 
discrete flow shop, where every product follows a fixed process-specific 
routing via a number of machines and intermediary tanks while product 
transfer is conducted via a network of pipes (Figure 1). 




Fig. 1 . Generalized scheme of the researched production system 



All the products can be split in two main groups, depending on pro- 
cessing technology and quality. Yet, production machinery utilized at 
the plant can be divided in three groups: machines configured to make 
a subset of the first product group, machines tuned for a subset of the 
second product group and hybrid machines making a subset combina- 
tion of both groups. The characteristics of the machinery contribute to 
uniqueness of the incumbent production system. For each of the ma- 
chines and each of the products it is configured to manufacture, no 
stoppage, set-up or change-over is required in order to switch between 
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any products. This feature makes the production system completely 
continuous. Moreover, none of the produces are wasted as they can be 
reprocessed or mixed to meet the final product specifications. 

As previously observed within the body of production planning lit- 
erature and supported by methodical analysis of continuous process 
industry applications, the described production problem remains un- 
explored [1] . The classic production planning problems that come close 
to the researched environment are mainly employed for discrete manu- 
facturing and concentrate on line balancing, line configuration and jobs 
sequencing [4]. Even within the continuous production type the focus 
rests with a myriad of lot sizing problems, where the majority of pro- 
duction settings require set-ups with related downtimes or constitute a 
batch process (e.g., [5] and [6], for details cf. [1]). 

3 Problem Characteristics and Optimization Issues 

Provided the system’s characteristics, a single-stage multi-product 
multi-period mixed integer linear programming model was formulated. 
The model is focused on better capacity utilization at the final process- 
ing stage, minimizing the total energy costs (essential component of the 
total production costs) and synchronizing production and distribution 
planning [7]. In the following, a selection of constraints illustrating the 
system’s peculiarities is presented and discussed. 2 

3.1 Discrete Machine Capacities 

In the researched system, machine capacities are discrete - it is rarely 
possible to match a given planned production quantity with a specific 
machine production rate or a combination of machines’ rates. Relative 
to the deterministic planned production quantities q p t of product p 
in period t , over- P+ t or underproduction P~ t will occur most of the 
time (here, r mp defines individual machine capacities for each product, 
while Z mp t is a binary variable indicating machine-product assignment 
in period t). 



^ ] fmpZmpt Qpt ~ P p t Ppti^P £ -PjVf £ T (1) 

meM 

Thus, a distinct production rate is attached to the binary variable, 
where X^meM r mpZ mp t is not continuous and, thus, cannot take any 
value as assumed in the classic production planning situations [8] - the 

Here M, P and T are respective sets of machines, products, and time periods 



2 
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value area is a finite set of discrete points, not an infinite area of con- 
tinuous values. Therefore, two additional constraints (2) and (3) and 
a binary indicator variable Y p t are introduced to guarantee that over- 
and underproduction do not occur simultaneously. Here, fj, and A are 
empirically obtained control parameters, bounding respectively over- 
production (Ypt = 1) and underproduction (Y pt = 0) and cutting the 
solution space to solve problems of reasonably large size very quickly: 

P+t < fiY pt ,\/p e pyt e T (2) 

P~ t < X(l-Y pt )y P €Pyt€T (3) 

Within the horizon, the total underproduction relative to the planned 
production quantities is limited to k p values obtained by utilizing both 
empiric figures and post-optimization analysis (neither back-order nor 
a stock-out situation is acceptable as the customer service level require- 
ment is 100%). 

yi Ppt — k p yy ^yp s p (4) 

teT ter 

3.2 Quality Constraints 

The final product quality is of the foremost importance in the re- 
searched production system. It must be ensured due to variability of 
raw materials’ characteristics, consequent changes in product yields and 
potential off-grade production. For each product, the quality condition 
is satisfied by requesting the minimum production length of three con- 
secutive periods on the same machine: 

Ymp,t-\-i T Z mp t-\-2 — Z mp t^\ Vm £ My P £ -P, Vt £ T 

( 5 ) 



3.3 Summary of Testing Results 

The model formulation has been tested with the use of CPLEX 9.0.0 
solver on the real data provided by the plant utilizing Dell OptiPlex 
GX260 computer with Intel Pentium 4 processor, where the number of 
analyzed products is within 20 and the number of machines is within 
40. As previously discussed [7], the model reflects the essence of the 
production system and provides energy cost savings for the horizons of 
2 and 3 weeks relative to the budgeted levels, 3 while rendering losses 
for the 1-week time span (Table 1). 

3 The absolute values are significant, though the relative figures are rather small 
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Table 1. Energy cost savings (% to the budget), minimization model 



Horizon / Instance 


1 


2 


3 


4 


1 week 


(1.06) 


(1.13) 


(1.41) 


(1.53) 


2 weeks 


2.64 


2.65 


3.43 


2.45 


3 weeks 


4.15 


1.72 


3.49 


2.27 



As to the CPU times, for the 1 week horizon the range is 0.37-1.92 
seconds, for 2 weeks - 6.70-232.42 seconds, and for 3 weeks - 231.00- 
578.40 seconds or 3.85-9.64 minutes (the best obtainable given a limit of 
10 minutes). Thus, a specialized algorithm is needed to solve problems 
spanning longer time periods. 

4 Capacity Maximization 

The following model of the researched system maximizes production 
output regardless of the costs involved: 

max EEE 'TmpZmpt (6) 

meMpeP teT 

subject to assignment, inventory balance, quality (5) and machine avail- 
ability constraints as defined in [7]. The formulation is warranted by a 
practical need to estimate the total available production capacity due 
to machine maintenance and product demand variations. The same 
four data instances for 1 week horizon were tested (Table 2). 



Table 2. Summary of the test results, maximization model 



Measure Instance 1 Instance 2 Instance 3 Instance 4 

Cost savings (% vs. budget) (L79) (442) 0774 (3.06) 

Total CPU time (seconds) 47.03 42.86 22.17 81.66 



Here, Instance 3 does not only provide marginal energy cost savings, it 
also yields the second largest total output among the four alternatives 
short of only 0.49% vs. Instance 2, where the largest loss is incurred. 
The CPU times were reasonable within this horizon, yet they exceeded 
the span of 24 hours, when tested on the 2-week instances. Though the 
maximization formulation has fewer binary variables compared to the 
minimization model, it has a less tightly constrained solution space with 
no cuts. Therefore, to allow the solution of this problem for the planning 
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horizons spanning more than one week, it is necessary to design cuts 
and, ultimately, construct a specialized algorithm for this problem. 

5 Conclusions and Further Research 

This paper located continuous non-discrete production within the the- 
oretical frameworks and applied planning techniques on a concrete in- 
dustrial example. In particular, it addressed specific theoretical and op- 
timization issues pertinent to the researched production environment. 
Subsequently, a gist of two models - cost minimization and capacity 
maximization - was presented, illustrating the system’s peculiarities 
and the models’ practical use. The future research on the subject will 
focus on formulating mathematical models for multi-stage production 
systems and developing solution algorithms for the defined problems. 
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Summary. The existence of pure monopoly in network industries increases 
the role of regulation mechanisms in connection with objectification and in- 
crease in their social effectiveness. The objective of regulation mechanisms is 
to find an appropriate proportion between price and product supply of net- 
work industry under assumption of the existence competitive market. With 
regard to analysis of equilibrium in network industries models it is important 
to point out that except for competition policy protection the state fulfils 
another specific task - regulation of network industries. 

The aim of the paper is to examine the equilibrium conditions in the market of 
network industries. The state influences proportional relations between price 
and supply of network industry production. 

The conditions for equilibrium of network industries and methods of their 
regulations will be examined in the paper. The stress will be laid on the 
regulation on the base of cost - return over costs regulation 

1 Introduction 

This paper will deal with price regulation scheme on the basis of return 
over costs regulation. Return over costs is scheme of natural monopoly 
regulation, which is in principle different form the model of regula- 
tion on the basis of rate of return. It derives the barrier for the not 
exceedement of reasonable profit only from the part of the regulated 
entity’s input activities, namely from the volume of investment. This 
undesirably motivated monopoly to disproportionate increase of capital 
investment, which was of course contra productive. 

Return over costs regulation sets the maximum profit margin for reg- 
ulated firm on the basis of its overall costs. We can see that there is 

B. Fleischmann et al.(Eds.), Operations Research Proceedings 2008, 73 

DOI: 10.1007/978-3-642-00142-0 12, © Springer-Verlag Berlin Heidelberg 2009 



74 



Eleonora Fendekova and Michal Fendek 



certain analogy between this form of regulation and regulation on the 
basis of the rate of return. However the difference is that return over 
costs regulation does not prefer particular cost group, but uses the 
overall costs. 

The idea, that firm’s profit is in this case some kind of function of its 
costs is of course mystification. This scheme, however, effectively hin- 
ders natural monopoly from asserting such combination of its supply 
and monopolistic market price, which would allow it to make inappro- 
priate profit in comparison with exerted costs. 

2 Cost-oriented Models of Network Industries Price 
Regulation 

In short, the keystone of return over costs regulation is that regulator as 
the base for regulated entity’s reasonable profit definition sets its overall 
costs and defines reasonable profit as a certain allowed percentage RoC 
of its costs. Analytically we can express this condition as 

RoC x n(q) > 7 r(q) 



or 

RoC x(wxL + rxK)> n(q) 

where 

q production 

n(q) - function of the total costs of the firm, n : R — > R 
7r(q) - profit function n : R — > R 
L - labor (production factor) 

K - capital (production factor) 
w - labor price 
r - capital price 

RoC - reasonable profit margin set by the regulator corresponding to the unit 
costs. 

Regulated output and regulated price in the return over costs environ- 
ment are calculated by solving the following mathematical program- 
ming task 

n(q) = 7r (f( K , L )) = p{f{K,L))xf(K,L)-wxL-rxK -> max, (1) 
subject to 



p (f(K, L)) x f(K, L) —wxL—rxK—RoC x (w x L + r x K) < 0, (2) 

K,L E R> o- (3) 
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Solution of the optimization task (l)-(3) is optimal consumption vol- 
ume of production factors labor L* and capital K * , on the basis of 
which, with the help of the production function, the regulated optimal 
volume of output q RoC is quantified 

q* RoC = f(K*,L *) 



And regulated optimal price p* R oC with the help of the price-demand 
and production function on the basis of the relation 

P* RoC = P(q*Roc)=P(f(K*,L*)) 

While also in this regulation approach the rate of return on revenues 
defined by the parameter RoC is respected, i.e. exogenous control pa- 
rameter set by the regulator. 

Let us now transform the optimization task (1)— (3) with two variables 
L, K into a task with one variable q in a following way 



7r( q ) = p(q) X q — n(q) — ► max, (4) 

Subject to 

p{q) x q — n(q) — RoC x n(q) < 0, (5) 

q G R> o, (6) 

where 

t(q) = p x q - function of revenues of the firm, t : R — > R 

n(q) = nv{q) + rip - function of the total costs of the firm, n : R — > R 

nv(q) - function of the variable costs of the firm, nv : R —> R 

np - fixed costs of the firm, uf G R 

RoC - reasonable profit margin set by the regulator corresponding to the unit 
costs. 

On the basis of the substitution we can reformulate the optimization 
task (4)-(6) to 

tt ( q) = t(q) — n(q) — > max (7) 



subject to 



t(q) — n(q) — RoC x n(q) < 0, 
q G R> o- 



( 8 ) 

(9) 



Task (7)-(9), or task (4) — (6) analytically describes the situation that is 
geometrically interpreted on the Fig. 1. Graphs of the basic functions 
describing production and cost attributes of the regulated firm and the 
attributes of the relevant market as well are taken from the return on 
output regulation model. 
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Revenues function in the situation on the Fig. 1. Reaches its maximum 
in the point q*, which represents supply of the firm in the elastic de- 
mand zone. Firm is selling its goods for a relative high price p* in the 
elastic demand zone, i.e. in the zone for positive values of the marginal 
revenues function t(q). 

Regulated firm has the tendency to set its decision making parameters 
in a way the limit set by the regulator would allow it to reach maximum 
profit. As we can seen on the Fig. 1, margin of the regulated profit is 
represented by the curve, which is a transformation of the total cost 
curve. We get it by multiplying the function values by regulation pa- 
rameter RoC , i.e. by the regulatory allowed portion of the profit from 
the costs. 

Let us note that RoC parameter is not in percentage but in relative 
expression. So it has the value RoC € (0, 1). In the situation presented 
on the Fig. 1 the firm will have volume of the output qR 0 c and with 
greater volume of the output by the lower price pr 0 c it will reach lower 
profit. 

If the regulator would decide to use more strict regulation conditions 
and enforce lower allowed rate of profit RoCn , ( RoC > RoCn ) upon 
the regulated entity, the regulated entity would henceforth increase its 
output on the volume qRN by decreasing production price prn and by 
gradual decrease of the profit. However price decreased and volume of 
output increase at the same time encourages the growth of the social 
welfare. 




Fig. 1 . Regulation on the return over costs basis - RoC 



The comparison of the products market price and production costs of 
the firm also leads to interesting conclusion while using this type of the 
regulation. Let us explore the reasonable profit margin in return over 
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costs regulation from this aspect again. 

RoC xTC(Q) >tt(Q). (10) 

In this condition we express the total cost function of the firm analyt- 
ically. We get reformulated condition expression (10): 

RoC x ( nv(q ) + uf) > p(q) x q — (nv(q) + tif) ■ 

And after further modification 

p(q) x q < RoC X ( nv(q ) + uf) + {nv(q) + rip ) , 

p(q) xg<(l + RoC ) x ( nv(q ) + rip) ■ (11) 

After division of the equation by the supply volume q > 0 we get 

. . (1 + RoC) X (nv(q) + uf) 

p(q ) < , 

q 

p(„) < (1 + Roc) x 

q 

p{q) < (1 + i?oC) x np(q), (12) 

where 

nv(q) H - Tip 

np(q) = , q > 0, are total average costs of the firm. 

Relation (12) represents substantial feature of the return over costs 
regulation, which also explains already mentioned mystification about 
direct relation of the regulated reasonable profit margin and total costs 
of the natural monopoly. 



3 Conclusion 

On the basis of the relation (12) and from the geometrical interpre- 
tation of the optimization task solution (1)— (3) we can formulate the 
following important conclusions about firm behavior in the condition 
of the return over costs regulation: 

1. In general, return over costs regulation constructs reasonable profit 
margin for the regulated entity on the basis of the proportional por- 
tion of its total expended costs. This proportional portion is defined 
by the RoC parameter. So primary it encourages the producer to 
produce greater volume of supply by the lower price, which is in- 
creasing social welfare. 



78 



Eleonora Fendekova and Michal Fendek 



2. The particular optimal position of the regulated firm is determined 
by the characteristics of the cost function, which is directly related 
to the character of the profit function on one side, because 

7T (q) = t{q ) - n(q). 

And on the other side by the characteristics of the price-demand 
function p(q), which specifies elastic and inelastic demand zones. 

3. From the relation (12) we can see that regulated firm can set its 
production parameters, production prices and consumption of pro- 
duction factors only in a manner for its production market price 
to be up to RoC percent greater than the average unit costs of 
production. We can see that ineffective cost increase of the firm, in 
accordance with regulatory relation of this method, would be albeit 
creating room for reasonable profit increase however the validity 
of the relation (12) needs to be ensured and such combination of 
supply production price found, that would ensure its consumption. 

It is obvious that in elastic demand zone, i.e. by positive marginal 
revenues, regulated firm produces greater volume of output compared 
to nonregulated firm and tries not to waste the production factors. 
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Summary. We allocate a given production workload between L production 
lines producing P products with a subsequent buffer of limited capacity by 
modeling the problem as a classical transportation problem. The model is 
embedded in a Dynamic Programming approach that finds a cost-optimal 
solution exploiting the given flexibility of an automotive plant with respect to 
production capacity, production volume and staff. Preliminary computational 
results show that our approach solves real-world instances within some hours. 

1 Introduction 

In the last two decades the automotive market dramatically changed 
from a sellers to a buyers market and the automotive is no longer a 
mass product but a symbol of individuality. Hence, automotive Orig- 
inal Equipment Manufacturers (OEMs) installed flexible manufactur- 
ing systems to be able to produce and deliver individually ordered cars 
more flexibly and more quickly. Currently, OEMs are in a position to 
adjust production time and speed and to use flexible working hours, 
hirings and dismissals. Moreover, it is possible to shift production work- 
load and workers between production facilities, typically production 
lines inside a plant. This variety of flexibility is limited to technical re- 
strictions, labor legislation and in-plant agreements, concluded e.g. with 
the staff association or a labor union. An automotive plant typically 
consists of a body shop, a paint shop and a final assembly. In the body 
shop raw component parts are welded in a highly automated process 
to create a car body. After an elaborate painting in the paint shop, the 
production process is finished in the final assembly by installing the 
engine, gearbox, and interior decoration etc. Product specific buffers 
of limited capacity are located between subsequent shops to decouple 
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the corresponding production processes [4, 1] . The planning horizon of 
three to five years is divided into T periods, typically weeks or months. 
Our topic is to find a cost-optimal solution by determining the pro- 
duction time and speed, the number of workers to hire and dismiss, 
and the production volume for each line and period. In the following, 
we restrict ourselves to the paint shop and its dependency to the final 
assembly shop and the corresponding buffer. 

2 The Basic Approach 

For each period and line we determine a production time, e.g. eight 
hours per day, and a production speed as well as the production vol- 
ume for each product incorporating the subsequent buffer capacities. 
Additionally, we determine the amount of workers to be hired or dis- 
missed, distinguishing between permanent and temporary workers, and 
we decide whether to displace permanent staff from one production line 
to another. Associating the periods with the stages of a Dynamic Pro- 
gramming (DP) approach [2], we are able to find a cost-optimal solution 
for the outlined planning problem with L production lines and P dif- 
ferent products. Later on, we extend this approach with a combined 
buffer for all products, i.e. with a buffer not specific to the products. 
The production time is a result of the selected so-called shift model 
which determines the number of shifts per day and their lengths. Ad- 
ditionally, each shift model is associated with some cost values, e.g. the 
premiums for overtime and night shift. The production speed is given 
by the platform configuration of the line which indicates the average 
percentage of platforms carrying a car body. Being aware of the produc- 
tion time and speed we are able to quantify the production capacity of 
the considered production line. Taking into account all lines, the overall 
capacity must be sufficient to produce the required demand for prod- 
ucts given by the subsequent shop, the final assembly. The permanent 
workers are required for an output quality on a constantly high level, 
they are well-protected against dismissal, and earn higher wages than 
their temporary colleagues. Worker demand peaks can be met, first, 
by displacements of permanent workers from one line to another and, 
second, by additional temporary workers. As stated in agreements with 
the labor unions, the fraction of the temporary workers in the overall 
staff may not exceed a given value. Incorporating the contracted hours, 
the shift model at a line determines the amount of over- or undertime 
the workers have to work in each period. Accumulating these values 
over all periods elapsed, we get the running total of the so-called work- 
ing time account which is bounded up- and downwards due to in-plant 
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agreements. In order to avoid oversized data the working time account 
of a line is stored as the average of all workers currently assigned to that 
line. Summarizing, a state in our DP approach consists of the selected 
shift model and platform configuration, the current buffer stock for each 
product in the subsequent buffer, the number of temporary and perma- 
nent workers, and their average working time account. A decision in our 
DP approach contains the selected shift model and platform configura- 
tion, the number of hirings, dismissals and displacement of workers as 
well as the production volume for each line and product. Especially the 
buffer stock, the number of workers, and the working time account are 
responsible for the “curse of dimensionality” invoking a huge number of 
states and decisions during the DP approach [5]. Hence, we discretize 
the state variables mentioned above to reduce the number of decisions 
and states. In addition, we cease to enumerate all feasible decisions and 
restrict ourselves to the meaningful ones. For this, we focus on the sub- 
problem of distributing the production workload between the lines in 
the paint shop in a certain period t assuming that the demand for each 
product is given from the production schedule of the final assembly. 
Incorporating all production lines, we enumerate over all combinations 
of shift models and platform configurations with enough production 
capacity. For each of those combinations we determine meaningful val- 
ues for the production volume for each line, product, and shift in the 
considered period. The corresponding subproblem can be modeled as a 
classical Transportation Problem (TP). We use the solution of the TP 
to identify the decision concerning the production volume during the 
DP approach. The decision is completed with the help of a heuristic 
considering the hirings, dismissals and displacements of staff between 
the production lines. This approach provides a “cost-optimal” solution 
keeping in mind the disaggregation into subproblems and the heuristic 
for the staff decision. In the upcoming section we describe the subprob- 
lem of allocating the production workload in detail. 

3 Allocating the Production Workload 

The workload in the paint shop is determined by the production sched- 
ule in the final assembly and the buffer capacity located between the 
two shops. To provide a buffer- feasible production schedule we have to 
ensure feasibility for every single shift of the considered period because 
typically the buffer has a capacity of about one shift. We initially model 
the problem as a classical transshipment problem where lines supply 
and products ask for production capacity. The buffers are represented 
by transshipment nodes. In particular, we introduce a supply node Li s 
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for each line l E {1, . . . , L} in each shift s E {1, . . . , 5} with a supply 
equal to the corresponding production capacity available. Analogously, 
we introduce a demand node P ps for each product p G {1, . . . , P} in 
each shift s with a demand equal to the corresponding product demand 
arising from the production schedule of the final assembly. To model 
product specific buffers we introduce a transshipment node B ps for each 
product p and shift s. The buffer capacities - reduced by the minimum 
safety stock - act as the maximal transshipment capacity of nodes B ps , 
while the opening stock is modeled as an additional supply node B~ 0 
for each product. To balance the transshipment problem, we introduce 
a dummy demand node C representing, roughly spoken, the excess ca- 
pacity. More precisely, it represents the sum of, first, the difference 
between supply of production capacity and demand for products and, 
second, the difference between the buffer stocks previous to the first and 
after the last shift of the considered period. The corresponding graph is 
rather sparse because transportation is restricted to only a few connec- 
tions as follows. Each supply node L[ s is adjacent to P ps and B ps if and 
only if product p can be produced on line l. Transportation over these 
arcs represents the production to fulfill the demand for products and 
filling the buffer, respectively. Additionally, L[ s is connected to C for 
all l and s to model unused capacity in the particular shift. The buffer 
stock B PjS - i can be, first, used to meet the demand for products in the 
next shift and, second, stored for future shifts. These two utilizations 
are represented by arcs from to P ps and B ps , respectively. Note 

that B p s is only adjacent to C for all products. The amount of trans- 
portation over these arcs equals the closing stock of the appropriate 
product. All arcs are valued with appropriate production or storage 
cost values. Using the reduction in [3, p. 170] we can transform the 
given transshipment problem into a TP. For this we introduce a supply 
node B~ s and a demand node B+ s for each transshipment node B ps . 
The supply and demand of the new nodes equals the maximal trans- 
shipment capacity of B ps . Incoming arcs in B ps are transformed into 
incoming arcs in B+ s , the analogy holds for outgoing arcs and B~ s . B~ s 
represents the buffer stock of product p at the end of shift s, B+ s at the 
beginning of shift s. Finally, we introduce an arc from B~ s to B ps for 
each product p and shift s which models unused buffer capacity in the 
particular shift. Next, we extend the problem with a combined buffer 
for all products with a maximal capacity of B. To clarify this transfor- 
mation, we illustrate the resulting graph for two lines, two products, 
and two shifts in Figure 1. The additional restriction regarding the 
combined buffer means that for each shift s the inequality 
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Xi i - B (!) 

(i,j)ex s 

must hold, where X s contains all arcs incident with B ps except the arcs 
from B~ s for all products p. 

By adding this restriction the problem looses the property of being a 
TP, but by adding 2 S nodes appropriately we reobtain an equivalent 
TP. Hence, we extend X s with the arcs incident with Bp a for all p and 
1 < ct < s — las well as P pa for all p and 1 < cr < s. The resulting set 
of arcs X' s is represented by the solid ones in Figure 1(a) for s = 1 and 
in Figure 1(b) for s = 2. 





Fig. 1. The combined buffer for L = P = S = 2 

At the same time we enlarge the right hand side of (1) by the demand 
of the nodes just mentioned, so that (1) is equivalent to 

p / s — 1 

Xij <B+Y, + p p°) 

( i,j)ex' s p = i \<t=i 

It is easy to verify that the upper bound implied by (2) is equivalent to 
a lower bound on the sum of transportation units on the dashed arcs in 
Figures 1(a) and 1(b). This means that up to each shift some fraction 
of the line capacities may not be used, neither for fulfilling demand 
for products nor for increasing the buffer stock. The transformation 
described allows us to consider a set of arcs all incident with one node, 
namely C. Therefore we gain some upper bounds on partial sums. Ad- 
ditionally, the set of arcs used for shift s is a subset of the set used 
for shift s + 1 , so we can use the idea of Wagner [6] : We introduce an 
additional supply node C~ as well as a demand node Cf for each shift 
and and reobtain a TP. The demand and supply of the nodes added 
equal the maximal amount of the line capacities that can be left unused 
or that can be used to increase the buffer stock in all following shifts 
s + 1, . . . , S. The resulting graph is illustrated in Figure 2. 
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Fig. 2. The resulting graph for L = P = S = 2 

Summarizing, we showed that we are able to model the arising subprob- 
lem and its extension as a classical TP which can be solved efficiently. 
The solution is integrated into our DP approach as described. Prelimi- 
nary computational results showed that a real-world instance with two 
lines, two products, and a planning horizon of two years can be solved 
in some hours. 

4 Outlook 

Next to increasing computation speed by improving the implementa- 
tion, there are still further interesting aspects arising from practice 
whose integration into our approach would provide an additional ben- 
efit: First, we would like to integrate several buffers where different 
products can be stored, e.g. one combined buffer for product 1 and 2, 
and another one for product 2 and 3. Second, it is possible to save an 
enormous amount of money by switching off a line l for a shift s which 
is equivalent to setting the amount of transportation from Li s to Cf 
equal to the supply of Lj s . 
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1 Introduction 

In this paper, a specific cutting problem will be considered that has 
only received very limited attention in the literature so far, namely one 
in which the plate to be cut down contains a (rectangular) defective 
region. For the corresponding cutting problem without defects, Mora- 
bito et al. (cf. [3]) have introduced a solution method which is based 
on the AND/OR-graph approach. We suggest several modifications of 
this method which allow for dealing with a plate that contains a single 
defect, a problem type introduced by Carnieri et al. (cf. [1]). 



2 Problem Definition 

The problem to be discussed here is a variant of the so-called (un- 
constrained, guillotineable-layout) Two-Dimensional Rectangular Sin- 
gle Large Object Placement Problem (2D_UG_SLOPP; cf. [6]): Let a 
(weakly heterogeneous) set of small items be given which are grouped 
into relatively few classes (types) in which the items are of identical 
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size (Zj, Wi) and value Vi, i = 1 , ,m. The small items have to be laid 
out orthogonally on a single large object (stock plate) of given dimen- 
sions (L, W) such that the small items do not overlap and lie entirely 
within the large object. Any such layout is called a cutting pattern. 
The number of times each item type appears in a cutting pattern is 
not limited and can even be 0. The item types have a fixed orienta- 
tion and the pattern must be guillotineable. A cutting pattern is to 
be provided which maximizes the total value of the small items in the 
pattern. This problem is known to be NP-hard as it is a generalization 
of the classic Single Knapsack Problem (cf. [2]). Unlike in the standard 
2D_UG_SLOPP, we now assume that the large object contains a defec- 
tive region which is represented by a rectangle (Id, Wd) whose edges run 
in parallel to the edges of the large object and whose position on the 
large object is known. 



3 An AND/OR-Graph Approach to the 2D_UG_SLOPP 

3.1 Fundamentals 

The solution approach suggested here is an extension of the AND/OR- 
graph approach introduced by Morabito et al. for the (standard) 
2D_UG_SLOPP without defects (cf. [3]). In short, this approach con- 
sists of a representation of the solutions of the cutting problem by 
means of a specific graph ( AND/OR-graph) and a Branch & Bound 
search. An AND/OR-graph is a directed graph G = (V, E) with a 
set of nodes V and a set of directed arcs E = {ei,...,e s }, where 
each arc e u , u = 1 has been assigned a set S of end nodes: 

e u = ( j,S),j G V, S C V. In our case, S always consists of a pair of 
nodes. When following a path through the graph, one can choose be- 
tween several arcs that emerge from a node (OR part), but one has 
to follow both branches of the chosen arc (AND part). This type of 
graph provides an appropriate tool for the representation of a cutting 
process, each node standing for a (stock or intermediate) plate, each 
arc e u = ( j , {p, q}) for a guillotine cut that separates a plate j into a 
pair \jp, q} of new plates. Throughout the process of realizing a cutting 
pattern by means of (a series of) guillotine cuts, ” intermediate” rectan- 
gular plates will occur, which may have to be considered for being cut 
down further. The Branch & Bound search requires the determination 
of upper and lower bounds for the objective function value which can be 
generated by cutting down such plates. Given a plate N = (Ln, Wn), 
a straightforward upper bound U B(L^ ,Wn) is provided as follows: 
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UB(L n ,W n ) 



Ln ■ Wn ■ max 





The determination of a lower bound LB(Ln, Wn ) can be based on ho- 
mogeneous cutting patterns which contain only small items of a single 
type: 



LB(L n ,W n ) 



= max 
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Ln 




w N 


< Vi ■ 


[ k \ 




_ Wi _ 






n 



For a detailed description of the approach we refer to the original pub- 
lication ([3]). 



3.2 Modifications for a Defective Plate 

The computation of the upper bound for a plate N containing a de- 
fect is based on the usable area of the plate, which is given by the 
size of plate N less the size of the defect. In order to compute a lower 
bound, N is partitioned (using guillotine cuts) into so-called (maximal) 
non-defective (rectangular) regions which fill the entire non-defective 
area of N. Fig. 1 depicts all such partitions which can be generated by 
guillotine cuts. It also demonstrates that all the partitions are made 
up of (at most) 16 different non-defective regions only. For each of the 
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Fig. 1. Partitions of a defective plate into non-defective regions 



non-defective regions, the best homogeneous cutting pattern is deter- 
mined. Then, for each partition, the lower bounds for the respective 
non-defective regions are added up, resulting in a lower bound for each 
partition. Finally, the lower bound for N is computed as the maximum 
of the lower bounds of all 14 partitions. A similar, yet less elaborate 
approach has been presented by Vianna and Arenales (cf. [5]). 
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4 Implementation and Design of Numerical Experiments 
4.1 Problem Classes and Generation of Problem Instances 

In order to demonstrate the solution quality of the proposed method, 
extensive numerical experiments on randomly generated problem in- 
stances have been performed. Initially, 18 main problem classes were 
defined by combination of the following problem characteristics: 

• dimensions of the large objects (in length units): (600,600), (900,400), 
(1200,300) 

• number of item types: 5, 10 

• size of item types (in area units): 1 — 3600 (small), 10800 — 18000 (large), 
1 — 18000 (mixed). 

By means of a problem generator specifically designed for the problem 
type under discussion (for details see [4]), for each main problem class, 
30 realizations of item types were generated randomly which can be 
considered as the ’’core” data set of each main problem class. Then 



Table 1. Dimensions of the defects 





quadratic | horizontal | vertical 


small 


(60, 60) 


(105,35) 


(35, 105) 


medium 


(120, 120) 


(210,70) 


(70,210) 


large 


(170, 170) 


(285,95) 


(95,285) 



each data set was combined with randomly located defects of 9 different 
sizes, as depicted in Table 1. By doing so, a total number of 162 problem 
classes was obtained, containing 30 instances each. 

4.2 Heuristic Modifications of the Branch &: Bound Search 

In order to keep the computing times and memory requirements within 
reasonable limits, the Branch & Bound search has been modified heuris- 
tically in two ways (for details see Morabito et al. [3]): Only promising 
cuts are used, i.e. a significant improvement can be expected when 
looking at the bounds, and a heuristic search strategy is applied which 
combines a complete depth-first tree search down to a depth bound of 
3 with a greedy heuristic that chooses the best branch computed so far. 
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4.3 Computer Hardware and Software 

The algorithm has been coded using the Borland Pascal Compiler Ver- 
sion 7. The tests were performed on a microcomputer with a Pentium 
4 processor with 1.7 GHz and 512 MB RAM. 



5 Test Results 

Across all 4860 problem instances, the average waste amounted to 
5.0333% of the useable area of the large object (note that the optimal 
solutions are not known); the average computing time per instance was 
10.25 seconds. Table 2 gives an overview of the results for the main 
problem classes, each consisting of 270 instances. These results show 



Table 2. Waste and computation times for the 18 main problem classes 



class no. 


large object 


no. item 
types 


item type 
size 


waste [%] 


time [sec] 


1 


(600,600) 


5 


small 


1.472 


9.63 


2 


(600,600) 


5 


mixed 


5.042 


7.48 


3 


(600,600) 


5 


large 


9.117 


3.88 


4 


(600,600) 


10 


small 


0.713 


18.93 


5 


(600,600) 


10 


mixed 


3.661 


17.92 


6 


(600,600) 


10 


large 


7.752 


10.59 


7 


(900,400) 


5 


small 


1.600 


9.49 


8 


(900,400) 


5 


mixed 


4.967 


6.65 


9 


(900,400) 


5 


large 


10.588 


3.84 


10 


(900,400) 


10 


small 


0.974 


19.85 


11 


(900,400) 


10 


mixed 


4.045 


14.33 


12 


(900,400) 


10 


large 


7.732 


9.58 


13 


(1200,300) 


5 


small 


1.811 


8.17 


14 


(1200,300) 


5 


mixed 


7.636 


4.74 


15 


(1200,300) 


5 


large 


10.839 


2.82 


16 


(1200,300) 


10 


small 


0.991 


18.17 


17 


(1200,300) 


10 


mixed 


4.219 


11.61 


18 


(1200,300) 


10 


large 


7.442 


6.84 



that a growing number of item types leads to an increase in waste as 
well as a decrease in computing time, due to the higher number of 
possible cutting patterns which have to be investigated. For the same 
reason, waste increases and computing time decreases for larger item 
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types. The shape of the large object has only little influence on the 
percentage of waste, which increases slightly with a more rectangular 
shape. Looking at the detailed results for the different types of defects 
shows that a larger defect yields more waste and slightly less comput- 
ing time, due to the smaller number of possible cutting patterns. The 
shape of the defect has almost no influence on computing times, but a 
strong one on the percentage of waste. A horizontal defect yields the 
largest percentage of waste, while a vertical defect yields the smallest 
(this is because a vertical defect divides a rectangular large object in 
two, leaving very little space above and below). It can be said that the 
size of the item types has the by far strongest influence on the solution 
speed and quality. 



6 Outlook 

To enable the algorithm to deal with larger problem instances, stricter 
bounds for the tree search and new heuristics are to be developed. As a 
next step, the algorithm can be extended to the staged or constrained 
2D_UG_SLOPP with a defect, which requires new upper and lower 
bounds as well as an adaptation of the Branch & Bound procedure. 
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1 Introduction 

In practise, production managers prefer to determine an optimal pro- 
duction plan by using minimum lot size restrictions instead of setup cost 
[3, 5]. Anderson and Cheah [1] also noticed, that in “lot sizing practice 
out-of-pocket setup cost are commonly accounted for by specifying a 
minimum batch size parameter” . Therefore, the objective is to minimize 
the total inventory cost only with respect to the lot size restrictions, and 
not the sum of setup cost and inventory cost, as in mainstream models. 
In the paper we formulate the single item dynamic lot sizing problem 
with minimum lot size restriction and elaborate a dynamic program- 
ming algorithm for its solution. The preliminary computational results 
show that the algorithm is highly efficient and determines optimal so- 
lutions in negligible time. 

2 Problem Formulation 

Let us consider an uncapacitated single item dynamic lot sizing prob- 
lem [2], Instead of common set up cost in the original Wagner/Whitin 
paper, we introduce into the model a minimum lot size (MLS) restric- 
tion. Furthermore, we assume that production and inventory holding 
cost are constant and thus can be omitted in the objective function. 
The problem under consideration has the following view [6]: 
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In model (l)-(5) known parameters T, L and dj denote the length of 
the planning horizon, the minimum lot size and the demand values in 
periods j = 1 , . . . , T, respectively. We assume that they are integers. 
The decision variables Xj, Ij and Yj denote the production quantity 
in period j, the inventory level at the end of period j and the Boolean 
variable, which equals unity if production occurs in period j, and zero 
otherwise. The cumulative inventory, which represents inventory hold- 
ing cost, is minimized by the objective function (1). The inventory 
balance equations are provided by (2). Restriction (3) models the fact, 
that the produced quantity in period j is either zero or at least L, 
where djT denotes the cumulative demand in periods from j to T and 
dj+i t j = 0 for all j. Restriction (4) is obvious, and restriction (5) states 
that no negative inventories are allowed. Without loss of generality we 
assume that Iq = 0. Moreover, in this paper we explore only the so- 
called limited version of the problem with It = 0. Nevertheless, all 
results derived for the limited problem can also be extended to the un- 
limited problem with It > 0. Because of space limitations, however, we 
restrict ourselves here to the examination of the limited problems only. 
The generalized zero-inventory property for the similar to (l)-(5) prob- 
lem with minimum batch restriction was proven in [1] : 

Theorem 1 (Anderson and Cheah, 1993). There exists an optimal 
solution in which 

a) It-\ XfjXj — L) = 0 for each j and t satisfying 1 < j < t < T, where 
Xj > L and Xi = 0 for each j < i < t. 

b) If Xj > L, then Xj = djt — Ij - 1 for some j < t < T. 

c) It < L- 

Statement a) of the theorem gives a generalized zero-inventory property 
according to which only second one of the two subsequent production 
values with positive inventories between them can be greater than the 
lower bound L. Similarly to the classical case, statement b) says that 
the sum of a production value, that is greater than the lower bound, and 
the inventory before that period will cover the cumulative demand for 
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some next periods. Finally, statement c) states that the final inventory 
is always lower than L and therefore is relevant only for unlimited 
problems. 

We present an efficient dynamic algorithm for problem (l)-(5) which, 
in contrast to the solution given by Anderson and Cheah [1], does not 
regard inventory values Ij as states but uses a network presentation of 
the problem solution procedure. Main efforts are put on eliminating as 
many arcs as possible. To our knowledge, algorithms published so far 
for various LSP do not draw much attention to the structure of demand 
inputs. The current paper presents an attempt to reduce the complex- 
ity of the solution algorithm by considering special characteristics of 
demand values, such as the relation of cumulative demand to the lower 
bound and jumps in the demand in various periods. 

3 Minimal Sub-Problems 

A sub-problem SPu is a part of the problem (l)-(5) on periods i, . . . ,t 
with ij_ i = It = 0, where 1 < i and t < T. A sub-problem is solvable if 
da > L, while the production quantity should be at least L and there 
should be no final inventory. Formally, the parameter t~ = min jj > 
% | dij > L} provides the lower bound for the horizon of the sub- problem 
SPu, because in case when t <t~ the problem SPu is unsolvable. 
Definition. Sub-problem SPu is minimal if there is no such period 
k, i < k < t that Iu = Uk + Ik+i,t and h = 0, where I-u denotes the 
optimal cumulative inventory for periods from i to t. 

In other words, whatever optimal solution of a minimal sub-problem is 
found, the inventories for all periods, except the last one, are positive. 
A sub-problem is not minimal if such a period k exists. 

Corollary of Theorem 1. For a minimal sub-problem (a) at most 
one production value is greater than L; (b) this is the last production 
period for this sub-problem; (c) all other production quantities equal 
either 0 or L. 

The concept of minimal sub-problems is very important for the devel- 
opment of a solution procedure, as for dynamic programming only such 
problems should be taken into consideration. Hence, leaving aside all 
non-minimal sub-problems, we reduce the complexity of the solution 
algorithm. To determine the upper bound for the horizon of a mini- 
mal sub-problem, we investigate further properties and introduce two 
critical periods. First, let us consider a period in which the cumula- 
tive demand equals a multiple of L. This period is the last one for the 
minimal sub-problem as its end-period inventory equals zero. 
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Definition. First period j J . i < j 1 < t of a sub-problem SPu is called 
the critical period of the first type if = m ■ L, where m G IN. 

Next, we consider the structure of the cumulative demand and pay 

di 



special attention to big jumps. The integers 



kj = 



L 



< j < t, 



where = 0, allow to determine the smallest number of minimal 
lots which suffice to satisfy the cumulative demand dij. The number 
kt is the minimal number of lots which satisfy the total demand of the 
sub-problem, where all lots except the last one are of size L. If demand 
is satisfied in every period, then J denotes the last production period 
for SPu and dip- \ < ( kt — 1 )L < dip holds. 

Definition. First period j 11 , i < j 11 < t of a sub-problem SPu is 
called the critical period of the second type if kpi — hpi > 1 holds. 
This period is critical while it is the first period when production value 
must be greater than L, since the cumulative demand d % ps cannot 
be satisfied by producing only minimal lots. According to Corollary, 
this should be the last production period of the minimal sub-problem. 
Next theorem provides the relationships between critical periods and 
the horizon of a minimal sub-problem. 

Theorem 2 (critical periods). Let SPu be a minimal sub-problem. 
Then 

a) if j 1 exists, then j 1 > J and d,p +lt < L holds; 

b) if j 11 exists, then j 11 = J and djii +l t < L holds. 

Based on two critical periods we can determine the upper bound tf for 
the horizon of the minimal sub-problem SPu- 



tT = 



mm max 
iefjh j 11 } 



{r | dpi. r < L } 



( 6 ) 



In other words, in the solution algorithm there is no need to regard 
sub-problems with the horizon larger than given in (6) as they do not 
belong to any optimal solution. 



4 Solution Algorithm 



To solve the problem (l)-(5) we first construct a solution of a minimal 
sub-problem and then prove that it is optimal. Next, we provide the 
algorithm that splits the problem with the horizon T into series of min- 
imal sub-problems. Finally, we prove that the solution of the problem 
(l)-(5) assembled from optimal solutions of its minimal sub-problems 
is also optimal. 

So, let us construct the following solution for a minimal sub-problem 
SPu with the last production period J. 
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0, 

djt, 
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j = 1, 

j = i, J-l, 

J = J + 1) • • ■ 1 1, 
j = J + 1, ... ,t, 



(7) 



We will call solution (7) the critical solution. 

Theorem 3 (critical solution). The critical solution of a minimal 
sub-problem is optimal. 

Now we are ready to present the dynamic programming algorithm for 
solving the problem (1)— (5) by splitting it into series of minimal sub- 
problems. The algorithm is based on the approach proposed by Flo- 
rian et al. [4] for solving a capacitated lot size problem. It rests upon 
the fact that an optimal solution between two nearest regeneration pe- 
riods, i.e. between two periods with zero inventories, has special prop- 
erties, which make the solution procedure more efficient. We reduce the 
complexity of our algorithm by considering only minimal sub-problems 
instead of revising the cumulative inventories for every value of i and t. 
The established bounds for the sub-problem’s horizon are used to limit 
effectively the number of sub-problems that come into consideration. 
The solution algorithm for the limited problem (l)-(5) is presented 



below. 








Step 


1: 


i := 1, t := tj ; Fq := 0, Fj := +oo, 




Step 


2: 


If i + I it < F t then F t := F t _\ + 


lit and i(t) := i — 1 


Step 


3: 


If t < min {t m ax ~ 1) tf} then t := t 


+ 1 






return to Step 2 




Step 


4: 


If t < T <t+ then t := T 








return to Step 2 




Step 


5: 


If i = T or tr > T then Stop , 





else i := max{i, t 1 } + 1, t := t i and return to Step 2 



In algorithm (8) values Ft denote the minimal cumulative inventory 
in period t; i(t) represent the regeneration periods for disseminating 
the problem into minimal sub-problems, and t max provides the upper 
bound for the beginning of the last sub-problem. 
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Theorem 4 (optimal solution). Algorithm (8) generates an optimal 
solution of problem (1)— (5) as a series of optimal solutions of minimal 
sub-problems. 

To scan the efficiency of the developed algorithm, we conducted a pre- 
liminary empirical study. An extensive study, as well as the comparison 
of our algorithm with the procedure developed in [1], is planned for the 
near future. In the performed tests we created 12 types of problems 
and for every type randomly generated three instances. The achieved 
results are very promising, especially for the case when the minimum 
lot size is not considerably greater than the average demand. 

5 Conclusions 

The paper continues the analysis of a special uncapacitated single item 
lot sizing problem, where a minimum lot size restriction, instead of 
the setup cost, guarantees a certain level of the production lots. The 
detailed analysis of the model and investigation of particularities of 
the cumulative demand structure allowed us to develop a solution al- 
gorithm based on the concept of minimal sub-problems. Furthermore, 
we presented an optimal solution of a minimal sub-problem in the ex- 
plicit form and proved that it serves as a building block for the optimal 
solution of an initial problem. 
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1 Introduction 

Companies especially in B-to-B markets increasingly focus on the value 
generated for customers through innovative business models instead of 
merely selling products. Following such customer-oriented strategies 
dissolves the boundary of products and services. Most companies’ of- 
ferings can at best be characterized as bundles of products and services, 
which we refer to as Industrial Product-Service Systems (IPSS) in this 
paper. IPSS are problem solutions for B-to-B markets, which consist 
of customized configurations of product and service parts tailor-made 
to meet individual customer needs. These product and service parts of 
IPSS exert a mutual influence on each other, owing to an integrated 
development and operation. The possibility of adjusting an original 
configuration along the IPSS-life-cycle by partially substituting prod- 
uct and service parts (IPSS-flexibility) is of special importance with 
regard to IPSS. 

Integrating services into the core product, however, triggers a transi- 
tion from a transaction- to a relationship-based (long-term) business 
connection [4] , which is encompassed by challenges for the business par- 
ties involved. As a consequence the contractual and implicit relations 
need to be re-designed, striving at reallocating risks and incentives. In 
this context, business models which are based on the dynamic bundles 
describe the design of the customer-supplier-relationship in the form of 
performance schemes and responsibilities. With business models con- 
centrating on use orientation, the utilizability of the manufacturing 
assets is ensured. By doing so, the supplier executes business processes 

t This research is financially supported by the German Science Foundation (DFG) 
through SFB/TR29. 
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of the customer for the first time. Facing a result-oriented business 
model, the supplier is fully responsible for the output value. Thus, for 
both business models it is distinctive that the supplier participates in 
the customer’s risks, which is due to connection of the supplier’s com- 
pensation with the output value of the manufacturing asset. 

This paper aims at examining the relation between IPSS and these busi- 
ness models in order to determine which business model is best suited 
for which IPSS. In section 2 we describe a contractual problem ade- 
quate for IPSS and conduct a comparative analysis of the use-oriented 
and result-oriented business models in section 3. 



2 An Incomplete Contract Approach to IPSS 

We consider a two-period business relationship between a risk-neutral 
IPSS supplier and a risk-neutral IPSS customer. As illustrated in figure 
1, the supplier plans and develops the product (e.g. aero engine, ma- 
chine tool...) and service (e.g. maintenance, training, operation...) parts 
in period 1. In period 2, the IPSS is operated and used. Its configura- 
tion varies depending on the chosen business model and the realization 
of environmental conditions. Offering IPSS therefore takes place in a 
complex, multitasking environment. 



t = 0 



contract 



development phase 



t = 1 



operating phase 



t = 2 



state of nature 
* realized 



a G Hac'«flO 



* (J c a) 



Fig. 1 . Timeline 



According to Williamson [7], complexity and bounded rationality make 
it impossible to cover for all future contingencies of a business relation- 
ship. IPSS contracts are therefore generally incomplete and may re- 
quire ex post renegotiations, which generate transaction costs. As the 
property-rights theory states, the problem of opportunistic behavior 
resulting from this incompleteness can at least partially be solved by 
an appropriate reallocation of property rights [2] . According to this line 
of argumentation, the property of the manufacturing asset should stay 
with the IPSS supplier to generate incentives for investments into the 
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asset’s design. This argumentation is consistent with innovative busi- 
ness models in which the customer “merely” acquires the value of use 
generated by an asset, which raises the question as to why the asset 
should become property of the customer at all. 

However, with regard to the question of make-or-buy, property-rights 
theory is limited exclusively to the hold-up-problem. Contracts are 
being designed with the goal of setting suitable ex ante incentives. 3 
Unanticipated ex post events cannot influence the sunk actions. Con- 
siderations regarding complexity and the degree of incompleteness are 
therefore not decisive for determining the optimal contract. 

The flexibility of reacting to unanticipated events during the use and 
operating phase, however, is an essential characteristic of IPSS. Fur- 
thermore, considering property-rights is ill-suited to delineate the busi- 
ness models, as company boundaries are fixed. Organizing business 
relationships to efficiently deal with unanticipated events is the moti- 
vation behind the adaptation theory beginning with Simon [5]. In con- 
trast to property-rights theory, the operative decision in period 2 can 
no longer be contractually regulated ex post, which is why an ex ante 
contractual allocation of decision rights across company boundaries is 
of importance. 4 Thus, the allocation of decision rights influences the 
decision to be made ex post, as this decision is made exclusively with 
regard to the interest of the party in control. Generally, this decision 
does not have to be efficient. Consequently, the decision rights should 
be transferred to the party which maximizes the use of the overall busi- 
ness relationship with its decision. 

It can be concluded that adaptation theory is suitable to account for 
aspects of flexibility and complexity. This, however, at the expense of 
integrating ex- ante actions in the form of specific investments. These 
actions are again central to property rights theory, which is why we 
claim the need for an integrated approach of both theories for IPSS. 5 



3 Which Business Models for Which IPSS? 

To illustrate the contractual problem of IPSS we consider a simple 
model, in which both ex ante and ex post actions are neither observable 
nor verifiable. Therefore, contracts can only specify the distribution (a) 
of the value generated for the customer (77) and the allocation of the 
decision rights regarding the ex post action (a). We need to answer, 

3 We define ex ante and ex post relative to realization of the state of nature. 

4 See for more details on a framework of “contracting for control” Gibbons [1], 

5 See for an integrative framework of different theories of the firm Gibbons [1] . 
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which party should be given authority over decision a and therewith 
decide about reconfiguring the system. As assumed by our model sup- 
pliers have the decision rights in the result-oriented business models, 
while customers have the decision rights in use-oriented business mod- 
els. This is based on the assumption that in result-oriented business 
models the production responsibility lies solely with the supplier and 
that customers are not involved in the production process. Choosing 
an allocation of decision rights is therefore equivalent to choosing a 
business model. 

After the contract is signed in t = 0, the supplier plans and develops 
the IPSS which triggers investments I for coordinating the development 
processes. Costs of these investments are simply given by k(I) = I. 

In t = 1 two events are possible, a “good” and a “bad” one, 6 £ 
{0g,Qb}- The ex ante probability of a good event (9 a) is given by 
Pr(6 = 0 q) = p £ [0, 1] and can be interpreted as the completeness 
of the initial problem solution. In this case the value proposition for 
the customer is assumed to be constant and denoted by V. With the 
converse probability (1 — p) of a bad event (6b) unanticipated contin- 
gencies occur which require for a reconfiguration of the system. For this 
reason it is supposed that the value proposition in the bad event, de- 
noted by V, is less than the value proposition in the good event V. The 
probability (1 — p) can therefore be regarded as the complexity of the 
system, which is given exogenously [6]. System complexity results from 
the development task, which is determined by the number of compo- 
nents, the interaction between components and the system’s degree of 
innovation. More complex systems bear even major challenges regard- 
ing the coordination for development processes, involving an increase 
in transaction cost. 6 This is considered by the fact that with inclin- 
ing complexity a given value proposition can only met with higher 
investments. Although the investment costs are realized within the de- 
velopment phase, its utility will only be exploited during the operating 
phase. 

After the realization of state of nature 6 in case of a bad event the party 
in control can choose between continuation (C) and reconfiguration 
(R), a £ {ac,aR\. Let the utility of the investments made during the 
development phase be greater in the case of continuation than in the 
case of reconfiguration, so that 

dV(I,ac) ^ dV(haR) m 

dl dl 1 ’ 



See for examples regarding system complexity and its inherent transaction cost 
in the automotive industry Novak and Eppinger [3]. 
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For reasons of simplicity, in the following we will only differentiate be- 
tween a high (h) and a low (l) investment, 7 G {Ii,Ih}- Then suppose 
that for a given investment level reconfiguration is better than continu- 
ation in the bad event. Consequently, the value proposition in the bad 
event can be put as 

V(Ii,a R ) > V(Ii, a c ) > 0, i = {l, h} (2) 



Possible reconfigurations, though, are encompassed by a follow up 
investment K(a R ) > 0 for the supplier, so that conflicts of inter- 
est concerning the ex post decision between the contractual parties 
may arise. We therefore concentrate on the situation where K(a R ) > 
a n) ~ C(/j,ac)]/ Assuming supplier control (and therewith a 
result-oriented business model) we find continuation to be the dominant 
strategy, whereas under customer control (and therewith a use-oriented 
business model) reconfiguration is efficient. By applying backward in- 
duction we then can describe the total expected utility functions under 
supplier (II s ) and customer ( 77 c ) control as 

n s (I,p)=pV+(l-p)V(I,ac)-I ( 3 ) 

n c (I, p) = pV + (1 - p) [V(I, a R ) - K(a R )\ - I (4) 



Since the contractual parties share the total realized utility according 
to the allocation parameter a , both are interested in maximizing the 
expected utility 77. Considering (3) and (4) can easily derive, that ex- 
pected utility is maximum if V_(I,a) is highest. Referring to (1) and 
(2), we discover the following trade-off: While customer control indeed 
leads to an efficient decision ex post but at the same time to an un- 
derinvestment, supplier control entails a loss in the ex post efficiency 
but provides better investment incentives. The question to be answered 
therefore is, when ex ante incentives are relatively more important than 
efficient ex post decisions. 

It is easy to verify that the total expected utility function exhibits 
decreasing differences in 7 and p, i.e. 



d 2 fl(I,p) 

dldp 



< 0 



( 5 ) 



According to (5), (the importance of ) investments are increasing with 
rising complexity, so that we can conclude (taking the previous assump- 
tions into account): More complex IPSS are more likely to be devel- 
oped and operated within the result-oriented business models, while 

7 The parameter a is not subject of renegotiation. 
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more simple IPSS are more likely to be developed and operated within 
use-oriented business models. This result is in line with an empirical 
study by Novak and Eppinger who argue that product complexity and 
vertical integration are complements [3]. 



4 Concluding Remarks 

This contribution analyzed the relation between IPSS and innovative 
business models. We focused on the question, as to how complex- 
ity of an IPSS in the development has an effect on operation. We 
found, that with high complexity result-oriented business models are 
rather applied, with lower complexity there was a tendency toward 
use-orientation, in order to maximize the total utility of the business 
partnership. 
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Summary. A challenge of make-to-order (MTO) manufacturing lies in maxi- 
mizing the total contribution margin by compiling the optimal order portfolio, 
given a fixed capacity. Particularly, bid-price based heuristics are successfully 
applied. The objective of this paper is to provide an extension to traditional 
bid-price based revenue management in MTO. Based on an analysis of the 
pros and cons of anticipative and reactive approaches, a hybrid approach 
combining both elements is proposed. 



1 Introduction 

Make-to-order (MTO) industries require decision support in acceptance 
or rejection of orders which differ from each other by specific charac- 
teristics [4] . Through evaluating customer requests with respect to the 
utilization of bottleneck capacity, revenue management provides such 
a support. 

One of the methods widely used in revenue management is the selection 
of orders based on their contribution margin. While the potentials of 
such approaches have been shown for various industry settings, there 
is a conceptual trade-off to be solved. Using static selection criteria 
allows for a stable coordination of sales, which is in particular impor- 
tant for the MTO-industry where transactions are less standardized 
than those in other industries. Most MTO-companies therefore oper- 
ate large and often globally distributed sales organizations, which pro- 
vide technical consultancy and negotiate with the customer. If static 
selection criteria are used, acceptance decisions can be readily recon- 
structed ex-post. This facilitates the implementation of bonus payment 
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schemes, increases the transparency and therefore contributes towards 
coordination [2]. If real demand does not match the anticipation, how- 
ever, significant losses in contribution margin are to be expected. In 
such a setting, dynamic approaches that update selection criteria with 
respect to recent information seem to be more promising, yet subject 
to the organization’s ability to adapt to the changes. To this end, rev- 
enue management approaches for the MTO-industry need to balance 
requirements for recency and stability. 

The objective of this paper is to introduce a revenue management ap- 
proach, which allows for decision support in dynamic MTO settings 
and addresses the trade-off stated above. Building blocks are the clas- 
sification of the demand situation and the adjustment of the capacity 
control at a defined point in time. The general setting is given in [3]. 
For the sake of simplicity, only one resource is considered. 



2 Dynamic Aspects of Bid-Price Based Revenue 
Management 

Bid-price approaches are amongst the most popular instruments to con- 
trol capacity in revenue management [2], A threshold price, referred to 
as bid-price, is set for each resource. This price reflects the opportunity 
cost of consuming one unit of bottleneck capacity. Orders are accepted, 
if the associated revenue exceeds the opportunity cost of their resource 
requirements. 

The determination of opportunity costs requires knowledge on the op- 
timal use of resources. Bid-price methods are therefore typically based 
on forecasts. However, forecasts are intrinsically incorrect, such that 
approaches are necessary to avoid misleading decision support. Two 
fundamental approaches can be distinguished. Anticipative approaches, 
like randomized linear programming (RLP), seek to incorporate pos- 
sible realizations of the future demand when evaluating revenue man- 
agement policies. To support order selection, the average bid-prices are 
computed and used throughout the booking period. As a consequence, 
however, in a high number of demand realizations the bid-prices are too 
unrestrictive. Consequently, orders are accepted that should have been 
declined as to optimize total contribution margin. On the contrary, if 
real demand falls below the forecasted demand, the bid-prices are too 
restrictive. 

To this end, reactive approaches recompute the bid-prices, as time 
evolves. A reactive extension of RLP would be the re-calculation of 
bid-prices within a so called resolving procedure. While this results in 
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a better utilization of the information available, two operating condi- 
tions exist. Firstly, reactive approaches require the organization to cope 
with varying bid-prices. In MTO settings, this is all but trivial, as high- 
lighted above. Secondly, reactive approaches require meaningful state 
information. Only if new dependable information is available, revisions 
of the revenue management policy should be done. This fact is illus- 
trated in Fig. 1. Depicted are the ex-post optimal bid-prices of 1,000 
demand realizations plotted versus the cumulated requested capacity 
up to a specified point in the booking period. We used empirical data 
from a high performance alloy manufacturer with a single bottleneck 
resource. The length of the booking period starting in t = 0 was set to T 
and we used identical assumptions regarding the normally distributed 
lead times across the analysis (constraint to the interval [0, T]). The 
number of arriving orders in each demand realization is sampled from 
the same Poisson distribution, such that capacity exceeds demand by 
on average 10%. 




Fig. 1 . Interrelation between ex-post bid-prices and demand realization 



As can be seen from the analysis, there is an interrelation between the 
cumulated capacity requested by the orders and the ex-post bid- price. 
In particular, at the end of the booking period, two intervals can be 
distinguished. For realizations with demand falling below capacity, the 
ex-post bid-prices compute to zero. For all other realizations, there are 
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positive bid- prices. The remaining fuzziness is induced by the empiri- 
cal data. A similar pattern can be obtained when the same analysis is 
conducted at two thirds of the booking period. Considering the situa- 
tion after one third of the booking period, however, there hardly is any 
interrelation. 

With respect to the implementation of reactive approaches, these find- 
ings are crucial. From a conceptual point of view, there are no major 
improvements of the planning performance to be expected from chang- 
ing the bid-price early in the booking period. The underlying reason is 
that there is not sufficient information available. Even worse, changes 
to the bid-price might have to be revised, when better information is 
available. As a consequence, the planning nervousness is expected to 
increase. The situation is different at two thirds of the booking period. 
At this point in time, all characteristics inherent in the final shape can 
be identified. Adjusting the bid-price thus seems to be promising. 

A recent application to extend anticipative approaches by reactive el- 
ements is given for instance in [1] for the airline industry. A suitable 
approach to support order acceptance in MTO-industries should, how- 
ever, balance recency requirements with respect to order selection with 
the organization’s need for stable co-ordination. In addition to that, the 
approach ought to incorporate the future flexibility to change bid-prices 
right from the start. In the following, a dynamic bid-price approach will 
be introduced, which satisfies both requirements. 



3 A Dynamic Bid-price Approach 

The concept of the anticipative-reactive approach is illustrated in Fig. 
2, depicting its two time intervals within the booking period [0,T]. 



Anticipative Reactive 



Define t* 


-> 


Basis bid-price 
(BP) 


Apply basis 
bid-price 
(BP) 




Classify the 
observed 
demand stream 


Adjust the 
bid-price 


-► 


Realization 
specific 
bid-price (BPj) 






1 


1 













t = 0 0 < t < t* At a predefined point t* in t*<t<T 

the booking period 



Fig. 2. Conceptual framework of the hybrid bid-price architecture 



Featuring an optional change in bid-price, the approach separates the 
booking period into two intervals: an anticipative one, where a static 
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bid-price referred to as basis bid-price (BP) is applied and a second 
reactive interval with a bid-price according to the observed demand 
realization in the first segment, labelled as realization specific bid-price 
(. BPj ). The point in time, where the change in bid-price occurs, is de- 
noted by t*. Setting a low value for t* is favorable, since it increases 
the number of orders, which are evaluated based on the specific bid- 
price. However, choosing t* to be early in the booking period reduces 
the ability to accurately predict the total demand and the associated 
specific bid-price (BPj). The adjustment of bid-prices for different de- 
mand realizations is depicted in Fig. 3. If demand realized until t* is 
greater than the expectation derived from the forecast, the bid-price is 
increased. If it is less, the bid-price is reduced. 



Demand Realization > Forecast 

Bid-Price 




Demand Realization < Forecast 

Bid-Price 




Fig. 3. Bid-price adjustment for different demand realizations 



In order to apply the hybrid approach, four functionalities have to be 
fulfilled. These include the determination of BP and t* , both being 
offline functionalities. The two online functionalities are the classifica- 
tion of demand and the adjustment of the bid-price. The switch point 
t* can be considered as exogenous as it depends on the availability of 
information and can be obtained from a data analysis as presented in 
section 2. Using a predefined range for BP values, t*, forecast data 
and the assumptions stated in section 2, a simulation can be applied 
for an enumeration procedure to derive the optimal values for BP and 
BPj simultaneously. Assuming perfect hindsight, the BP is identified, 
which on average yields the highest total contribution margin. To this 
end, realization specific bid-prices (BPj) need to be determined for 
each basis bid price (BP). These can be derived from a deterministic 
linear programmig (DLP) procedure, given the remaining capacity at 
t* and the orders to come. 

With the data obtained from the simulation, models fulfilling the online 
functionalities of the reactive interval in the hybrid approach can be 
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built. Two models are required, one to classify the actual demand re- 
alization as below ( BPj = 0) or above capacity ( BPj > 0). The second 
one to determine an appropriate value for the realization specific bid- 
price BPj when the demand is classified as demand exceeding capacity 
( BPj > 0). These models can be based on artificial neural networks 
(ANNs), since they have been successfully employed in a variety of 
classification and forecasting problems. 



4 Conclusions and Outlook 

In this paper, the concept of a two step dynamic bid-price method 
combining both anticipative as well as reactive elements is introduced 
for revenue management in MTO. It first applies a static bid-price, 
which was determined knowing that it will be revised, and in the second 
step, a realization specific bid-price to fit the actual demand realization. 
It capitalized on the interrelation between the demand arrived at t* 
and the ex-post optimal bid-price. The conceptional advantages include 
considering from the start the flexibility to adjust the bid-price during 
the booking period and not revising the bid-price before valid demand 
information is available. Future work includes extending the proposed 
methodology to multi resource problems or n revisions of the bid- price. 
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Summary. In this paper we present a Genetic Algorithm (GA) for generat- 
ing efficient solutions for multi criteria resource constrained project scheduling 
problems where conflicting regular as well as non regular performance mea- 
sures have to be respected (cf. [4]). The GA-scheme is similar to the one 
developed by [1], i.e. the genes of the genotype do not only represent ac- 
tivities of the phenotype but also information on the decoding scheme and 
modus. Since a large number of (mostly similar) solutions is usually not of 
great help for a planner not all efficient solutions are maintained in order 
to reduce complexity. Thus, we use a “relaxed Pareto operator” which does 
accept efficient solutions only which differ (substantially) with respect to so- 
lution quality (and structure). We have applied this procedure to solve the 
Movie Shoot Scheduling Problem (MSSP) and we report first results. 



1 Introduction 

The main and usually also the only objective in project scheduling 
models is the minimization of the project makespan. Yet, in practice 
there exist project types where several different criteria are relevant 
and have to be respected. These criteria might be regular as well as 
non-regular, and, obviously, these criteria are also often conflicting. 
Applying a standard multi criteria search technique can lead to a very 
large number of Pareto efficient solutions, which clearly does not sup- 
port a planner on deciding which project schedule to use. Thus, we 
have developed a multi population GA with a relaxed Pareto criterion 
by which the number of Pareto efficient solutions presented to the plan- 
ner is reduced and which can automatically adapt its search strategy 
depending on the characteristics of the problem/instance. 
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2 Multi Criteria GA 



In general, our multi criteria GA works similar to “standard” GAs. The 
specific characteristics are outlined in Algorithm 1 and are described 
in the following subsections. 



Algorithm 1 Outline of the Multi Criteria GA 
1: (1) Generate initial population(s): P = {m,pi...p n } / /m := multi criteria 
population, pi := single criteria population 
2: (2) Evaluation of the individuals of the initial population(s) 

3: while iterations < maximum number of iterations do 
4: for all Population p £ P do 

5: (3a) Selection and Recombination of individuals to generate new in- 

dividuals 

6: (3b) Mutation of individuals with a certain probability 

7: (4) Evaluation of the new individuals 

8: (5) Selection of individuals for the new population 

9: end for 

10: (6) Apply local search to current “best” solution in order to further 

improve this solution 
11: if every x iterations, x £ N then 

12: (7a) Replace population m with “mix” of all populations 

13: (7b) Initialize each single criterion populations with its solution 

14: end if 

15: end while 



2.1 Extended Genotype, Crossover and Mutation 

The genotype used by our multi criteria GA is based on the extended 
activity list representation proposed in [1], The activity list is extended 
by two more genes, which indicate which scheduling mode and which 
scheduling scheme shall be used during the decoding of the activity list 
into a project schedule. 

The gene which determines the scheduling mode indicates which of 
the standard modes of project scheduling, i.e. forward or backward 
scheduling, shall be used, while the gene determining the scheduling 
scheme indicates whether the serial schedule generation scheme or the 
parallel generation scheme shall be used. 

By adding these two additional genes the GA becomes self adaptive. 
The crossover of two individuals is performed as suggested by [1], i.e. 
a ” regular “ crossover where the additional genes of the son (daughter) 
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take the values of these genes of the father (mother). During optimiza- 
tion the activity list as well as the genes determining the scheduling 
mode and scheme can be mutated with a certain probability. 

2.2 Populations 

The GA makes use of two or more populations. The so-called multi cri- 
teria population m is used to maintain the relaxed Pareto efficient solu- 
tions, the other population(s) is (are) used to generate solutions which 
are then evaluated either using a single criterion or using a (single) 
aggregated objective function which has been composed from several 
or all of the relevant criteria. 

After a certain number of iterations the different populations are mixed. 
All individuals from the single criterion populations are introduced 
to the multi criteria population m, if they fulfill the relaxed Pareto 
efficiency criterion. 

The other populations, which use a single objective function, are ini- 
tialised using individuals which are generated randomly and the so far 
best individual regarding this single objective function in the specific 
population. 

2.3 Relaxed Pareto Operator 

Usually there is a large number of Pareto efficient solutions, which 
might be very similar to each other regarding solution quality and/or 
solution structure. To overcome this problem of redundancy for the 
planner one should only accept Pareto efficient solutions if they also ful- 
fill additional conditions regarding their solution quality (and/or their 
solution structure). 

Under the (relaxed) Pareto criterion a solution x dominates a solution 
y if for at least one criterion x has a value that is better than the value 
for y and if for all other criteria the values of x are not (significantly) 
worse than the values of y. In the case of a minimization problem this 
can be formulated as follows: 

Let F = {/i •■•//} be the set of criteria, then 

fi(x) < fi(y ) , for at least one criterion /* G F 

r * fj(x ) < fj{y) , for all fj G F\ 
with 0 < r < 1 

We then use domination as proposed by [3] in order to select the in- 
dividuals. Using the relaxed Pareto operator it could happen that a 
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solution x dominates a solution y and vice versa. There are different 
approaches to deal with such a case, for the sake of simplicity and di- 
versification we always maintain the newer solution in the population. 
As an addition to the previously described relaxation to reduce the 
number of accepted Pareto efficient solutions the acceptance of indi- 
viduals could additionally be based on the structure of the solution, 
either evaluating only the position of genes in the genotype or evalu- 
ating the phenotype when comparing the structure of two individuals 
(for the latter cf. [7]). 

Both approaches help to increase diversity of the (multi criteria) pop- 
ulation. The adapted Pareto operator helps to reduce the number of 
multi criteria solutions and at the same time keeps a relative high di- 
versification among the different criteria without needing to make any 
assumption about the preferences of the planner among the different 
criteria. Other approaches for reducing the size of populations during 
multi criteria optimization usually either make some kind of assump- 
tions or require interaction with the decision maker. 



3 Application to the MSSP 

The multi criteria GA using an adapted Pareto operator was applied 
to test instances of the MSSP. Here, a set A of activities requiring a set 
R of resources has to be scheduled within a fixed time horizon T. For 
each j e A there might exist daily time windows as well as precedence 
relations of general type or of the type that only a break but no other 
activity might be performed in between two activities connected with 
this special type of precedence relation. Let Rj C R, j e A be the 
set of resources required for the entire duration pj of activity j. Each 
resource r E R may only be available a certain amount of consecutive 
hours and require a certain amount of consecutive hours of idleness 
to refresh to full capacity. Also there might be daily time windows in 
which a resource r E R may only be available e.g. from 8 a.m. to 10 
p.m., as well as periods in T in which r is unavailable. The objective of 
the MSSP is to create a feasible schedule, which minimizes the number 
of changes of locations (a specific resource) and certain other criteria 
as for instance the number of working days (CR) etc. These criteria 
contain regular as well as non-regular criteria. For a detailed model of 
the MSSP we refer to [2] . 

The problem size of an instance of the MSSP is typically relative large 
in comparison to the project sizes used in the PSPLib (cf. [5]), i.e. 
the test instance used for the evaluation contains 114 activities, 23 
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resource types, 200 actual resources, 1536 periods compared to the 
largest instances used in the PSPLib with 120 activities, 4 resource 
types with a total capacity of 156 and a project horizon of 700 periods. 
The implementation of the solution procedure for the (multi-criteria) 
MSSP is straightforward. 

From the generic description of the GA in section 2 the number of 
populations and the criteria evaluated in the additional populations 
are parameters which can be set for the specific implementation. Also 
an encoding and decoding procedure has to be developed. 

For the MSSP we use several populations. One which contains the 
relaxed Pareto efficient individuals and other populations which are 
each evaluated only for a single criterion: the number of changes of 
locations (LC), the length of gaps (LG) and the number of gaps (NG) 
on all resources, the number of capacity renewals (CR), time continuity 
(TC) and emotional continuity (EC). Reducing the number of changes 
of locations is generally identified as the main objective by the planner. 
The decoding mechanism for scheduling activities is similar to the stan- 
dard project scheduling schemes. One difference is that the calendariza- 
tion, i.e. the consideration of weekdays, holidays etc., is integrated into 
the scheduling scheme and not done in a separate step, because the 
separate calendarization leads to problems (cf. [6]) 

Table 1 summarizes the results of the optimization with the multi crite- 
ria GA in comparison to results of the greedy indirect search technique 
(GIST) used in [2] and the actual schedule which was created manu- 
ally. The best value for each criterion is underlined. The greedy decoder 
used in the GIST approach of [2] is optimized for the minimization of 
changes of locations. From the relaxed Pareto efficient individuals (RP) 
the “best” individual was chosen by evaluating a hierarchical objective 
function which first evaluates LC, then CR, LG, NG, TC and EC. 



Table 1 . Computational Analysis 

Actual GIST RP LC LG NG CR TC EC 
schedule 



Number of changes of locations 


35 


35 


45 


48 


56 


72 


55 


59 


53 


Length of gaps 


201 


184 


204 


349 


87 


129 


260 


136 


284 


Number of gaps 


48 


49 


53 


68 


27 


21 


52 


42 


61 


Number of capacity renewals 


199 


247 


259 


267 


282 


320 


237 


273 


244 


Time continuity 


30 


40 


33 


38 


38 


36 


32 


27 


34 


Emotional continuity 


50 


61 


57 


58 


64 


56 


57 


49 


41 
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4 Conclusions 

The approach using the multi criteria GA with a relaxed Pareto oper- 
ator and several populations is able to significantly reduce the number 
of schedules (solutions) which are presented to the planner by a deci- 
sion support system while producing a high degree of diversity with 
respect to the different criteria within the set of presented solutions 
(cf. Table 1). The extended genotype which leads to an adaptive GA 
facilitates the application of the multi criteria GA to solving a wide 
range of different project scheduling problems with diverse criteria. 
For future research other scheduling modes, e.g. the one used by the 
GIST approach, could be added, which might find better schedules in 
case of calendarized problems when forward or backward scheduling can 
lead to inferior solutions. Also the approach could be applied to other 
project scheduling problems and finally be generalized to a framework 
which can be applied to other areas of multi criteria optimization than 
project scheduling. 
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Summary. In this paper we address the machine scheduling problem in- 
volving family setup times and batching decisions. The r/i, -machine flow shop 
system is considered with the objective of minimizing the makespan. We first 
present a mathematical formulation which is able to solve small instances. 
Subsequently, a tabu search algorithm is proposed with diverse neighbour- 
hoods. 



1 Introduction 

Recently, considerable attention has been diverted to scheduling fam- 
ilies of jobs on common facilities, where jobs belonging to the same 
family have certain similarities. In many realistic situations, negligible 
setup times occur among jobs of the same family. However, setups are 
inevitable at the start of a schedule and on each occasion when a ma- 
chine switches from processing one family to another. [3] As a result, 
family setup times are usually defined as the change-over times/costs 
for the processing of jobs from different families.fi] In addition, the 
length of setup time may depend on the family of the current job as 
well as the family of the previous job, which is also called sequence 
dependent family setup time. Batching , on the other hand, refers to 
the decision of whether or not to schedule similar jobs contiguously. [4] 
Therefore, a batch is a maximal subset of jobs which share a single setup 
and must be processed jointly. As a result of integrating batching into 
the family scheduling model, advantages can be achieved due to the 
reduced number of setups and higher machine utilization. However, a 
vast majority of existing literature in this area focuses on the single ma- 
chine problem. To the best of our knowledge, only special cases of the 
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multi-machine problem have been investigated in the previous studies. 
The general shop problems still remain as a challenge. 

In this paper we address the m-machine flow shop scheduling problem 
subject to job availability and serial batching, where sequence depen- 
dent family setup times are involved. The objective is to find both batch 
compositions and job sequences so that the makespan is minimized. In 
the subsequent section we first present a mathematical formulation 
which is able to solve small instances. A tabu search algorithm is then 
proposed in section 3 with diverse neighbourhoods. Brief results are 
summarized in section 4. 



2 A MIP Formulation 

Assume that n jobs {i = 1 , ,n), m machines ( k = 1, . . . , m) and F 
families (/ = 1, . . . , F) are given. Each job contains m operations and 
follows the same technological order, let sj g k denote the sequence de- 
pendent family setup time when a job of family / immediately precedes 
a job of a different family g on machine k. Further, so/fc represents the 
initial setup time in the case without preceding jobs. In addition, to- 
and pik are respectively the start time and processing time of job i on 
machine k. It is of advantage to formulate the problem under study as 
a standard scheduling problem first. Special emphasis is then placed on 
modelling family setup times as follows: 



min C max 



(1) 



Subject to: 



E^/ = 1 (2) 

/= i 

7 iik = 0 VIA (3) 

t ik >0 \/i,k (4) 

( F \ (n \ 

tik > E SQfk ‘ fiif I ' I ^ ^ '~Yijk ™ + 2 J Vi,/c (5) 

V =1 / V =1 / 

F F 

tik ^ tjk + Pjk + EE Sgfk‘fiif‘(3jg )ijkH Wi^j^k (6) 
/=!<?=! 
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F F 



tik < tjk + Pjk + 



s fgk'0if Pjg 


- (1 - 7 ijk) H j , k (7) 


/— 1 5—1 






Tl 

y ' (lii'k — 7 ji'k) 

i' — l 


PifPjf 


H Mi ± j, k, f ( 8 ) 


VI, k < m 




(9) 


n, Vh 




( 10 ) 



Note that the parameter /3if equals 1 if job i belongs to family / and 
0 otherwise. Therefore, constraints (2) ensure that each job is assigned 
to one and only one family. Constraints (3) are included for simplicity, 
in which 7 ijk is the binary variable indicating job sequences. It takes 
the value 1 if job i is scheduled before j on machine k and 0 otherwise. 
Following this definition, constraints (3) are used to predefine the value 
of 7 nk without loss of generality. Constraints (4) represent the conven- 
tional non-negativity conditions. Next, we incorporate constraints (5) 

to specify the start time of the first operation scheduled on machine 
F 

k. The term y so/fc ■ A/ ensures assigning the associated initial setup 

/= 1 



n 



time. Since the value of y lijk is n °t greater than n — 1, constraints (5) 

3 = 1 

indicate that the first job on each machine can only start its process- 
ing after the initial setup being completed. Job sequences on machines 
are then determined by employing constraints ( 6 ) and (7). First, the 
F F 

expression y y s gfk'Pif/3jg identifies the sequence dependent setup 
/=!<?=! 



time corresponding to i and j. If job i is scheduled prior to j (that is, 
7 ijk = 1), only constraints (7) are relevant, which require that job j be- 
gins upon the completion of job i and of the corresponding setup (when 
necessary). On the other hand, constraints ( 6 ) operate similarly if job 
i is processed after j. Constraints ( 8 ) integrate batching decision into 
the formulation. Recall that batching requires contiguous processing of 
jobs in the same family. If jobs i and j are scheduled successively and 



belong to the same family, the expression 



n 

T. \Yii'k ' Yji’k ) 



PifPjf is 



V = 1 

equal to 0. Combining constraints ( 6 ) and ( 8 ), it follows tik = tjk + Pjk- 
Jobs i and j are thus processed jointly. Constraints (9) indicate that the 
processing of a job on machine k + 1 can not start until it is completed 
on the previous machine k. According to constraints (10), makespan 
is then defined as the largest completion time of all jobs on the last 
machine m. 
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3 Tabu Search Algorithm 
Initial Solution 

Initially, an entire family is viewed as a single batch. The problem 
under study thus reduces to scheduling jobs within each family and 
sequencing different families. Whereas the first sub- problem is solved 
as a conventional flow-shop problem, various constructive heuristics 
can be modified and applied to the latter case by defining the artificial 
processing time (AP) as: 

F 

s gfk 

APf k = + 9 -^r~ V/, k. (11) 

*e/ 

Obviously, processing time is calculated considering the aggregate pro- 
cessing time of all jobs included in a family and the effective/average 
family setup time. 

Neighbourhood Structure 

In order to provide a non-permutation schedule, we adopt the concepts 
block and internal operations used in the job-shop system. A critical 
path can be divided into blocks which contain adjacent operations pro- 
cessed on the same machine. Except for the first and the last operations 
of each block, all the other operations on this path are internal. [2] Re- 
garding the batching requirement, a block can be further refined with 
the emphasis on batches since operations in the same batch share a 
single setup. In this context, it should be noted that a block may con- 
tain complete or partial batches which can be referred to as sub-blocks. 
Formally, they are defined as follows. 

Definition 1 (Sub-block). A sub-block is a subset of the correspond- 
ing block and contains a maximal sequence of adjacent operations that 
belong to the same batch. 

In this neighbourhood structure, moves focus on non-internal opera- 
tions and are differentiated with respect to sub-blocks. Since moves 
of non-internal operations have the potential of immediately improving 
the makespan, these moves are based on insertion techniques instead of 
the simple swap of two adjacent operations. More specifically, intra-sub- 
block moves indicate that operations involved in a move exclusively be- 
long to the same sub-block. On the other hand, across-sub-block moves 
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refer to insertions of operations into different sub-blocks. Finally, inter- 
sub-block moves describe interactions among individual sub-blocks. 

For example, 6 operations, 4 of which form a block, are grouped into 
three different batches in figure 1. The block thus consists of three sub- 
blocks: {2,3}, {4} and {5}, in which the sub-block with operation 4 
is internal. Moreover, neighbours are obtained by performing various 
moves, where thick boxes highlight the resulting batch variation (It is 
assumed that operations 1, 2, 3, 5 and 6 belong to the same family). 



Inter-sub-block Insertion 



Intra-sub-block Insertion 



- • > ^ ^l 

Fig. 1 . Illustration of Neighbourhoods 






A major advantage of across-sub-block moves is that they assist in split- 
ting batches. Especially in the starting phase when the entire family is 
scheduled as a single batch, performing these moves effectively divides 
families into batches. On the other hand, if an operation is inserted in 
a non-adjacent sub-block that belongs to the same family, batch forma- 
tions of this particular family can be altered. Benefits of inter-sub-block 
moves first consist in re-sequencing batches. Another important aspect 
again lies in their capability of changing batch compositions. 
Conventionally, scheduling models with batching considerations are 
solved as two-stage problems. The importance of performing across- 
and inter-sub-block moves is apparent since they succeed in integrat- 
ing batching into the scheduling decision. 

Further Components 

Tabu List. If the insertion of operation u between v and w is selected 
in an iteration, moves involving (u, u , w ) are maintained in the tabu 
list for a prescribed number of iterations, which is determined by the 
corresponding problem size. 
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Aspiration Level. The tabu status of a particular move can be over- 
written if the resulting makespan is smaller than the best value found 
so far. 

Termination Criterion. The search procedure terminates after execut- 
ing a given number of iterations, of which the concrete value depends 
on the problem size. 



4 Implementation and Results 

By implementing the presented MIP formulation in Lingo 9.0, we can 
solve small instances to optimality. Computing times with respect to 
problem sizes are reported in table 1. 



Table 1 . Solver Information regarding Problem Sizes 



n-m(f) 


3-3(2) 4-4(2) 4-4(3) 


5-5(2) 


5-5(3) 


6-6(2) 


Variables 


172 


449 641 


926 


1326 


1657 


Constraints 


254 


658 898 


1352 


1852 


2414 


Iterations 


6008 


90297 143207 1197737 4875153 282688739 


Computing time [sec. 


]1 


17 25 


302 


1680 


63842 



The proposed tabu search algorithm is coded in C++ and runs on 
an AMD Athlon64 2450 MHz personal computer with 4GB memory. 
Similar to the MIP formulation, small instances constantly reached 
their optima. On the other hand, large instances can also be solved 
within a reasonable amount of computing time. 
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1 Problem Formulation 

This paper addresses single machine scheduling problems in which the 
decision-maker controls two parameters: the due dates of the jobs and 
the processing times. In the problems under consideration, the jobs 
have to be assigned the due dates and the objective includes the cost 
of such an assignment, the total cost of discarded jobs and, possibly, the 
holding cost of the early jobs represented in the form of total earliness. 
The processing times of the jobs are not constant but depend on the 
position of a job in a schedule. We mainly focus on scheduling models 
with a deterioration effect. Informally, under deterioration the process- 
ing time is not a constant but changes according to some rule, so that 
the later a job starts, the longer it takes to process. An alternative type 
of scheduling models with non-constant processing times are models 
with a learning effect, in which the later a job starts, the shorter its 
processing time is. The two types of models are close but not entirely 
symmetric. 

The jobs of set N = {1,2, ... ,n} have to be processed without pre- 
emption on a single machine. The jobs are simultaneously available 
at time zero. The machine can handle only one job at a time and is 
permanently available from time zero. For each job j, where j £ N, 
the value of its ‘standard’ or ‘normal’ processing time pj is known. 
If the jobs are processed in accordance with a certain permutation 
7 r = (-7T (1) , 7T (2) , . . . , 7r (n)) , then the processing time of job j = ir (r), 
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i.e., the job sequenced in the r— th position is given by = Pjg{r), 
where g(r ) is a function that specifies a positional deterioration effect 
and pj is the normal or standard processing time. For positional de- 
terioration, we assume that g{ 1 ) = 1 and g(r) < g(r + 1 ) for each 
r, 1 < r < n — 1. Under positional polynomial deterioration, the actual 
processing time of a job j that is sequenced in position r is given by 
p^ = pjr A , where A is a given positive constant that is common for all 
jobs. Under positional exponential deterioration, the actual processing 
time of a job j that is sequenced in position r is given by p l - = pjY , 
where 7 > 1 is a given constant representing a rate of deterioration, 
which is common for all jobs. For the results on scheduling problems 
with positionally dependent processing times defined by polynomial 
functions, see [1], [4, 5] and [3], and by exponential functions, see [ 6 ], 
[7] and [3]. 

The models studied in this paper belong to the area of due date assign- 
ment (DDA); see the survey by [2] for a recent comprehensive review 
of this area. Here, each job j G N has to be assigned a due date dj , by 
which it is desirable to complete that job. 

In all problems that we consider in this paper, the jobs of set N have to 
be split into two subsets denoted by Ne and Nt- The jobs of subset Ay- 
are essentially discarded, and a penalty ay is paid for a discarded job 
j G Nt- In a feasible schedule S only the jobs of set Ne are sequenced, 
and each of these jobs is completed no later than its due date. Given 
a schedule, we refer to the jobs of set Ne as early jobs, while the jobs 
of set Nt are called discarded. The processing times of the jobs of set 
Ne are subject to positional deterioration. The purpose is to select the 
due dates for the jobs and the sequence of the early jobs in such a way 
that a certain penalty function is minimized. We focus on two objective 
functions. One of them includes the cost of changing the due dates and 
the total penalty for discarding jobs, i.e., 

Fi(d,n) = ip(d) + Y atj, (1) 

j£N T 

where ir is the sequence of the early jobs, d is the vector of the assigned 
due dates, ip{d) denotes the cost of assigning the due dates that depends 
on a chosen rule of due date assignment. Another objective function 
additionally includes the total earliness of the scheduled jobs, i.e., 

F 2 (d,n)= Y Fj + <p(d) + Y a v 

j£N E j£N T 



(2) 
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2 Two Auxiliary Problems 

In this section we study two auxiliary single machine sequencing prob- 
lems that are closely related to the problems of our primal concern. 
We start with the following problem (Problem PdE). The jobs of set 
N = {1,2, . . . , n} are processed on a single machine, and for a job j E N 
the normal processing time is equal to p 3 . If the jobs are processed in ac- 
cordance with a certain permutation n = (n (1) , n (2) , . . . , ir (n)) , then 

the processing time of job j = n(r) is given by p^ = p n ( r )g(r ) , where 
g{r) is a function that specifies a positional deterioration or learning. 
The objective is to find a permutation that minimizes the function 

n 

/(vr) = 0d{i r) + E n(k) , (3) 

k= 1 

where /3 is a given positive constant, d( ir) is the completion time of the 
last job 7r(n) and is treated as a due date common to all jobs, while 

n k n 

E <k ) = d(n) - C n{k) = Y p%) ~ J2p%) = E 4) (4) 

j = 1 3 = 1 j=k + 1 

is the earliness of job Tr(k) with respect to that due date. Notice that 
by definition, E n ^ = 0. 

A permutation n = (n (1) , n (2) , . . . , n (n)) , such that p w (i) > p n ( 2 ) > 
. . . > P 7 r( n ) is said to follow the Longest Processing Time (LPT) rule; 
if Pw(i) — Pn( 2 ) < ■ ■ ■ < P-n{n) it is sa id to follow the Shortest Processing 
Time (SPT) rule. 

The following theorem is valid. 

Theorem 1. For Problem PdE, if the inequality holds 

for each u, 1 < u < n — 1, then an optimal permutation can be found 
by the LPT rule. If holds for each u, 1 < u < n — 1, 

then an optimal permutation can be found by the SPT rule. 

The theorem immediately implies the following statement. 

Corollary 1. For Problem PdE with positional deterioration, an opti- 
mal permutation can be found by the LPT rule. 

To complete this section, we introduce another auxiliary problem, that 
is essentially a version of Problem PdE in which the earliness penalties 
are ignored, so that only the function 0d(n), or rather d(n) is to be 
minimized. We refer to this problem as Problem Pd. The following 
theorem holds for this problem. 



126 Valery S. Gordon and Vitaly A. Strusevich 

Theorem 2. For Problem Pd with positional deterioration, the LPT 
rule is optimal. 

The auxiliary Problems Pd and PdE are closely related to the DDA 
problems to minimize the functions F\ and F 2 defined by (1) and (2), 
respectively. We use the sequencing rules established for Problems Pd 
and PdE in designing solution procedures for our DDA problems. 



3 CON and SLK Due Date Assignments 

First, we consider the due date assignment problems to minimize the 
functions F\ and F 2 , provided that the CON due date assignment rule 
is employed, i.e. , all jobs to be scheduled are given a common due date 
d. For the CON model, all due dates are equal, and we select (3d as the 
cost function 99 (d), where (3 is a positive constant. Thus, we study the 
problems of minimizing the objective functions 

Fi(d,vr) = /3d(Tr) + ^ a j: (5) 

j£N T 

and 



F 2 (d, 7r) = ^2 + Pd(-ir) + £ °S- (6) 

j£N E j£N T 

For the DDA problems of minimizing the functions (5) or (6), no matter 
which model of positional dependence of the processing times is chosen, 
we may search for an optimal schedule only among those schedules 
in which one of the jobs is on-time, i.e., completes at its due date 
(otherwise, the common due date can be reduced, thereby decreasing 
the objective function without creating any late jobs). Thus, in any 
feasible schedule, the jobs of set Ne are processed consecutively starting 
from time zero with no intermediate idle time, and the completion time 
of the last of these jobs is accepted as the due date d, common to all 
jobs in Ne- 

For a given set Ne, we need to find a sequence of the jobs in this set 
that minimizes the contribution of these jobs to the objective function. 
This can be done by solving either Problem Pd (for function (5)) or 
Problem PdE (for function (6)). For function (5) such a contribution 

is given by (3d{i r), where d( tt) = J2j£N E p\'^ an d i n the case of posi- 
tional deterioration the required permutation 7r of the early jobs can 
be found by the LPT rule in accordance with Theorem 2. For function 
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(6), the contribution of the early jobs to the objective function is given 
by /3d( 7r) + Yl,j&N E Ej, which corresponds to (3), i.e., in the case of 
positional deterioration the required permutation n of the early jobs 
can be found by the LPT rule in accordance with Corollary 1. In order 
to deliver the overall minimum to the function (5) or (6), we also need 
to take into account the contribution to the objective function in the 
form of the total cost of the discarded jobs. This is done by designing 
dynamic programming algorithms with running time 0(n 2 ). 

Now we consider the due date assignment problems to minimize the 
functions Tj and F 2 , provided that the SLK due date assignment rule 
is employed, i.e., for each job its due date is computed by increasing 
its actual processing time by a slack q, common to all jobs. In the SLK 
model, the main issue is that of choosing an appropriate value of the 
slack so that a certain objective function is minimized. 

Formally, suppose that there are h jobs in set Ne and they are ordered 
in accordance with a permutation it = (n (1) , it (2) , . . . , n (h)). Then 
the due date of job j S Ne scheduled in position r is defined as dj = 
Pj + q. It is clear that due to positional dependence of the processing 
times, to guarantee that all jobs in set Ne are completed by their due 
dates the slack q must depend on the sequence of these jobs, i.e., q = 
q( 7r). Since for the SLK model the due dates are assigned essentially by 
selecting the slack value q, in our problems of minimizing the functions 
(1) or (2) we select (3q as the cost function ip(d), where /3 is a positive 
constant. Thus, we study the problems of minimizing the objective 
functions 

Fi(q,n) = f3q(n) + Y a j} (7) 

j ’ SA T t 

F 2 (g,vr)= Y Ej + f5q{TT)+ Y a T ( 8 ) 

j£N E j£N T 

We start with establishing some structural properties of schedules for 
the problems under consideration. In what follows, we restrict our 
search for an optimal schedule only to those schedules in which at 
least one job is on-time, i.e., completes at its due date; otherwise, the 
slack can be reduced, thereby decreasing the objective function without 
creating any late jobs. 

Theorem 3. Let S be a schedule for the problem of minimizing one of 
the functions (7) or (8) in which the jobs of set Ne are processed in 
accordance with a permutation 7 r = (tt (1) , 7r (2) , . . . , 7r (h)), where h < 
n. Then only the last job 7 t (h) completes on time, i.e., C n ^) = d^^), 
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and the slack g( tt) is equal to the total processing time of all jobs that 
precede the on-time job i r(h), i.e., q(' tt) = Ylj=i P^\j)- 

Theorem 3 implies that the value of the slack depends on the sequence 
of jobs that precede the on-time job, but not on the on-time job itself. 
Thus, we should try to place each job as an on-time job and find the best 
schedule for the remaining jobs. The overall optimal schedule is either 
the best schedule for those found in each class with a fixed on-time job, 
or the empty schedule in which all jobs are discarded. Suppose that 
some on-time job h £ ./V is fixed and set Ne is known. We need to find 
a sequence of the jobs in set iVg\{/i} that minimizes the contribution 
of these jobs to the objective function. This can be done by solving 
either Problem Pd (for function (7)) or Problem PdE (for function 
(8)). Additionally, we need to take into account the total cost of the 
discarded jobs. Minimizing the general cost functions can be done by 
dynamic programming algorithms, in which the jobs are scanned in an 
appropriate sequence provided by Theorems 1 and 2. The running time 
of both algorithms is 0(n 3 ). 

We also discuss how the obtained results can be extended to the models 
with a positional learning effect. 
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Summary. Component placement is one of the most time-consuming op- 
erations in printed circuit board (PCB) assembly and dominates the cycle 
time of any PCB assembly line. In our study, we focus on collect-and-place 
machines which first collect a number of electronic components from the com- 
ponent magazine and then place them one-by-one onto the PCB. With this 
type of machinery two problems arise, i.e. generating placement tours and de- 
termining the placement sequence within each tour. To solve these problems, 
an efficient clustering algorithm to create placement tours and two modified 
nearest neighbor algorithms (MNNHs) to determine the placement sequence 
are proposed. The objective is to minimise the assembly cycle time per board. 
Numerical experiments show that high-quality solutions are obtained within 
very short CPU time. 



1 Introduction 

Most of the subproblems in PCB assembly are NP-hard and can only 
be approximately solved by heuristic procedures (cf. [3]). The high 
complexity of the PCB assembly problems also suggests its decompo- 
sition into more manageable subproblems (cf. [3], [7]). The majority of 
production planning software systems utilize, in some way or another, 
hierarchical decomposition techniques too (cf. [6]). 

A type of assembly machine becoming increasingly popular in industry 
is the collect-and-place machine which first collects a number of elec- 
tronic components from the component magazine of the machine and 
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then places them one-by-one onto the PCB. For a detailed description 
of the working principle of collect- an d-place machines, cf. [4]. 

In the literature there are only few papers dealing with collect-and- 
place machines. [4] proposed heuristic solution procedures for schedul- 
ing the machine operations by solving the assignment problem of com- 
ponent feeders to slots in the component magazine first. Contrary to the 
solution approach of [4], our solution procedure determines the place- 
ment sequence first based on the proximity of the component locations 
to each other on the board. Since component locations on the board 
are fixed, determining the placement sequence first gives important ad- 
vantages to minimize the cycle time for this machine type. In this way, 
the feeder assignment can also be made with certainty by taking the 
predetermined placement sequence as input. 

[5] presented different genetic algorithm approaches (GAs) and utilized 
the density search construction method of [1] to generate clusters for the 
placement tours. We use a clustering algorithm to constitute placement 
tours too. However, our proposed clustering algorithm is specifically 
tailored for the scheduling problem of collect-and-place machines. Thus, 
it gives us more opportunities to minimize the cycle time. Another 
unique feature of our solution approach is that it has no limitation in 
terms of the number of placement points and their distribution on the 
board. Contrary to GAs, the CPU time performance of our proposed 
solution approach does not worsen noticeably by even a considerable 
increase in the number of placement points. 



2 Clustering Algorithm 

The clustering algorithm generates equal- size tours, the size of which 
is determined by the number of nozzles (typically 6 or 12) on the ma- 
chine head (head capacity). This quality enables minimizing the num- 
ber of tours for each PCB and decreases the cycle time considerably. 
The algorithm subdivides the PCB placement area by using horizon- 
tal dividing lines and constitutes clusters within these subareas. The 
proper number of dividing lines to obtain the best cycle time for each 
PCB is determined by the algorithm. This approach creates homoge- 
neous and compact clusters and enables the machine head to complete 
the placement tours within less time by more benefiting from the ro- 
tational cycle time. Another advantage of this approach compared to 
distance or density-based algorithms in the literature is to prevent the 
deterioration that occurs towards the last clusters produced by those 
algorithms. 
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The proposed clustering and the first modified nearest neighbour algo- 
rithms (MNNH1) aim to construct reverse U-shaped placement routes 
within each cluster. Thus, they benefit from the rotational cycle time 
of the machine head to minimize the cycle time and to decrease the 
y-distances to travel between the placement points and the component 
magazine. The rotational cycle time is the minimum time between two 
successive placement operations due to the stepwise rotational move- 
ment of the revolver-type placement head. 

The clustering algorithm assesses different numbers of dividing lines for 
obtaining the best clusters to minimize the assembly cycle time of the 
PCB. The necessary number of dividing lines to assess constitutes an 
upper limit to be determined by the algorithm in the following way. The 
maximum distance between two placement points to visit within the 
rotational cycle time of the machine head is calculated first. This value 
is multiplied by half of the head capacity to find the maximum length 
of the reverse U-shaped placement routes. The length of the PCB is 
divided by this maximum length and the result is rounded to the nearest 
integer. This value is multiplied by a parameter to find the upper limit. 
The parameter value of two has been found in our numerical tests as 
appropriate. The best cycle times have been obtained by the number 
of dividing lines which are less or equal to this upper limit found by 
using the value of two for this parameter. However, we recommend to 
try higher numbers, such as three or four, when the algorithm runs first 
time with a new data set because the best cycle times may be obtained 
with a higher number of dividing lines depending on the specific PCB 
design. Since CPU times are very short, this preliminary test can be 
done quite easily. 

The remaining part of the algorithm is as follows: Partition the PCB 
placement area into equal subareas by using horizontal dividing lines. 
Calculate the bounds of the subareas. List placement points within each 
subarea. Find new y- values of the placement points by subtracting the 
y-level of the lower dividing line at each subarea from the original y- 
values of the placement points. Apply the following part of the ordered 
constructive heuristic of [2] for the assignment of placement points in 
each subarea to the various tours of the machine head: Sort the PCB 
points starting with the minimum of maximum (x,y) coordinate and 
assign the sorted PCB points consecutively starting with the top in the 
list to a placement tour. 1 

If the number of placement points remained for the last tour in each 
subarea is less than the head capacity, assign these placement points 



1 The subtour generation method of [2] for multi head placement machine. 
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temporarily to a matrix. After all clusters are generated in every sub- 
area in the predescribed way, sort the placement points in this matrix 
in descending order of their y-values. Assign the sorted PCB points 
consecutively starting with the top in the list to a placement tour by 
taking the head capacity into account. Call MNNH, determine the cycle 
time and keep the result. After the algorithm assesses different numbers 
of dividing lines from 1 to the calculated upper limit, the best cluster 
combination among them having the minimum cycle time is obtained. 



3 Modified Nearest Neighbour Algorithms 

MNNH1 takes the clusters produced by the clustering algorithm as 
input. For each cluster on the PCB, determine the placement point 
having the minimum y-value within the points in the cluster as start 
point of the tour. Repeat this to determine the end point of the tour 
within the remaining points in the cluster. The algorithm then applies 
the well-known nearest neighbour procedure from the literature (NNH) 
to determine the placement sequence by using the predetermined start 
and end points as the first and last placement operation in each place- 
ment tour. The second modified nearest neighbor algorithm (MNNH2) 
determines only the start point as described in the MNNH1, and then 
applies the NNH to determine the placement sequence within the tour. 



4 Computational Results 

The data set used for the numerical experiments consists of 8 indus- 
trial PCBs assembled for automation control equipments. The number 
of components on each PCB ranges from 152 to 537. The proposed 
algorithms have been programmed using the MATLAB software on a 
PC with 1.8 GHz processor and 2038 MB RAM. 

Assembly cycle times (ACT) for each PCB obtained by the proposed 
clustering algorithm with MNNH1 are presented in the second column 
of the Table 1. Percentage improvements of the proposed algorithms 
against the applied part of the ordered constructive heuristic are given 
in the last column. The average improvement is 6.28% and the average 
CPU time to produce a solution for a PCB is 0.12 seconds. The largest 
improvement in cycle time of 10.15% is achieved for the PCB having 
the maximum number of components in the data set. 
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Table 1 . Assembly cycle time performance 



No. of components ACT (sec) ACT improvement (%) 



152 


19.35 


4.07 


416 


52.69 


7.08 


420 


52.36 


6.35 


424 


54.62 


3.98 


448 


56.85 


4.04 


460 


58.90 


7.81 


501 


66.97 


6.73 


537 


71.19 


10.15 



In Table 2, the percentage improvement in assembly cycle time achieved 
by the proposed MNNHs is presented. The average improvement of 
MNNH1 against NNH is 2.80%. MNNH1 performs 2.14% better than 
MNNH2 on average. MNNH1 gives the best perfomance with the pro- 
posed clustering algorithm and proves the effectiveness of the reverse 
U-shaped placement routes for the investigated machine type. 



Table 2. Performance comparison of the MNNHs 



No. of MNNH1 against MNNH1 against MNNH2 against 
components NNH (%) MNNH2 (%) NNH (%) 



152 


3.59 


2.10 


1.46 


416 


2.16 


1.78 


0.38 


420 


3.64 


2.80 


0.82 


424 


2.89 


2.32 


0.56 


448 


2.66 


2.23 


0.42 


460 


3.36 


2.46 


0.89 


501 


1.81 


1.61 


0.19 


537 


2.26 


1.82 


0.43 



5 Conclusions 

In this paper, a novel solution approach for scheduling component 
placement operations of collect- and-place type PCB assembly machines 
is proposed. Clustering and MNNH algorithms have been developed by 
considering specific working principles of this machine type. Thus, the 
proposed solution approach is quite effective and particularly useful 
when the number of electronic components on a PCB is large. MNNH1 
performs best with the proposed clustering algorithm and the reverse 
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U-shaped placement routes create an important advantage for this ma- 
chine type. Contrary to other algorithms in the literature, the CPU 
time performance of the clustering algorithm does not worsen notice- 
ably with the number of placement points on a PCB and their distri- 
bution. Our proposed clustering algorithm has no limitation in terms 
of the number of placement points and their distribution, either. These 
features make the algorithm superior to others and a proper candidate 
for industrial use. Integrating the proposed algorithms with a feeder 
assignment algorithm is considered as a topic for future research. The 
proposed clustering algorithm will enable us also to use it as a work- 
load balancing algorithm for the dual-gantry collect- and-place machine. 
Different solution approaches in the literature do not provide the same 
opportunity to researchers. 
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Summary. In R&D-departments typically multiple projects are processed 
simultaneously and compete for scarce resources. The situation is dynamic 
since new projects arrive continuously and stochastic in terms of interarrival 
times of projects as well as of the work content of the projects. The prob- 
lem of scheduling projects in this context such that the weighted tardiness 
is minimized is particularly difficult and has not been covered much in the 
literature. The contribution of this paper is an assessment of priority rules 
originally proposed for the static and deterministic context in the dynamic 
and stochastic context. 



1 Introduction 

R&D-departments are under pressure to deliver results such as product 
specifications, prototypes etc. in a timely manner. Typically, different 
projects which are competing for scarce resource such as employees, 
computers etc. are processed simultaneously. The situation is dynamic 
in the sense that new projects arrive continuously and stochastic in 
terms of the interarrival times and of the work content (measured in 
units of time) . An important problem which has not been covered much 
in the literature is the scheduling of projects in this context such that 
the weighted tardiness is minimized. 

Multiple projects in a dynamic and stochastic context have been consid- 
ered by different authors but without much consideration of scheduling 
decisions. Adler et al. [1] present a queueing network based approach 
in order to describe the processing of R&D-projects. They propose a 
simulation model to investigate the determinants of development time. 
Anavi-Isakow and Golany [2] propose two control mechanisms to reduce 
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the makespan of projects by maintaining either a constant number of 
projects (CONPIP) or a constant work content (CONTIP) in the sys- 
tem. Cohen et al. [3] consider the critical chain approach for determin- 
ing priorities which are then used for scheduling. They provide a perfor- 
mance analysis for the minimum slack priority rule (MINSLK), the first 
come, first served priority rule (FCFS), the input control mechanisms 
CONPIP and CONTIP as well as queue size control (QSC). However, 
no comparison with other priority rules is done and the analysis does 
not consider a weighted tardiness objective. 

Scheduling multiple projects in a static and deterministic context using 
priority rules has been covered by a number of authors. Kurtulus and 
Narula [4] compare the performance of several priority rules. Lawrence 
and Morton [6] propose a new priority rule which shows good results 
for problems with a weighted tardiness objective function. 

Priority rules have also been analysed in the context of the dynamic and 
(in terms of the activity durations known before scheduling) determin- 
istic job shop scheduling problem with weighted tardiness objective. 
This problem is a special case of the dynamic and stochastic multi- 
project scheduling problem. Vespalainen and Morton [7] propose two 
new rules and compare them with existing ones in a simulation study. 
Kutanoglu and Sabuncuoglu [5] analyze the performance of different 
priority rules with an emphasis on recently proposed priority rules. 

In this paper we follow the approach of Adler et al. [1]. We make the 
following assumptions. First, there are project types such that projects 
of type p have the same precedence network and the same distribution 
and expected value of the interarrival times. Furthermore, the duration 
of a specific activity of a project type has a given distribution and 
expected value. Secondly, there are multiple resources where resource r 
has c r servers. Each activity is processed by a single server of a specific 
resource r in a non-preemptive manner. Due to these assumptions, the 
problem can be modelled by a queueing network. The objective is to 
minimize the expected weighted tardiness. 

In the following, different priority rules for selecting activities in the 
queues are compared with respect to their performance. The rules are 
described in Section 2 before the computational experiment is presented 
in Section 3. In Section 4 we will briefly present and discuss the obtained 
results. 
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2 Priority Rules 



It is assumed that a single rule is used for all queues. The selection of 
the rules has been made with respect to their performance for related 
problems and the information employed. The rules presented in this 
paper are taken from Kurtulus and Narula [4] and Lawrence and Mor- 
ton [6]. Note that the duration of an activity is equivalent to its work 
content since the activity is processed by a single server of a resource. 
Since each project j is always of a type p, the expected duration of 
activity i is known. The following parameters are used: Wj denotes the 
weight of project j, p tJ denotes the expected duration of activity i of 
project j, p denotes the expected duration of all activities of all project 
types, lij denotes the estimation for the resource unconstrained latest 
start time of activity i of project j, k denotes a look ahead parameter, 
t denotes the current time, U t is a set of the unfinished activities of 
project i at time t , r(i,j ) denotes the resource used by activity i, and 
tij is the arrival time of activity i of project j. We can now define the 
priority rules as follows: 



• First come, first served (FCFS): t t j 

• Maximum penalty (MAXPEN): Wj 

• Minimum slack (MINSLK): l ^ — t 

• Weighted shortest processing time (WSPT): 

• Rule of Lawrence and Morton [6] (LM): 1 . eX p 



Kij — 

keUi 



Em 



kp J 



with 



3 Experimental Design 

The generation of problem instances is done in two steps: First, the 
project types are generated. Secondly, the problem instances composed 
of a combination of project types and resources as well as different pa- 
rameters are built. The exponential distribution is used for interarrival 
times and activity durations. Hence, only the expected values need to 
be specified. We use two project types p with total work contents W p 
of 100 and 50 units. In the following, the generation of a project type 
with ITp=100 is described and the information on the generation of a 
project type with W p = 50 is given in parentheses. The total number 
of activities is 20 (10). In the experiment R = 3 resources are assumed. 

1 We use the variant with uniform resource pricing and global activity costing. 



138 Philipp Melchiors and Rainer Kolisch 

W p is distributed among the resources by prespecified percentages of 
60%, 30%, and 10%. By this, we depict the fact that there are resources 
of different work load. The assignment of the activities of a project type 
to the resources is proportional to the work content. The mean dura- 
tions of the activities at resource r are randomly drawn and normalized 
such that they add up to the work content assigned to r. Finally, the 
activities of a project type are randomly assigned to the nodes of three 
different project networks with 20 (10) nodes and an order strength 
of 0.5. The project networks have been generated with PROGEN/max 
(cf. Schwindt [8]). 

In the second step the problem instances are generated with P = 2 
project types. The following combinations of the total work con- 
tent W p {W\, W 2 ) are considered: (100, 100) and (100, 50). For 
each (W\, H^j-tuple three different combinations of project types 
are randomly selected such that in each combination the project net- 
works are different from each other. The weights of the projects of 
type p are randomly drawn from the uniformly distributed interval 
[w p ■ 0.75, w p ■ 1.25] where the expected weight W p of project type p is 
proportionally set to W p such that W p = 2 (1) for W p = 100 (50). To 
determine the due date for each project, a time span which is randomly 
drawn from the uniformly distributed interval [0.9 • r • D p , 1.1 ■ r • D p ] is 
added to the project arrival time. D u represents the expected duration 
of a project of type p. D p is calculated by using Monte Carlo simula- 
tion where resource constraints are not taken into account. Hence, for 
r = 0 the tightness of the due date is maximum and the objective is 
the minimization of the weighted expected makespan. We use tightness 
factors of t = 0, 2, and 4. The probability that an arrived project is of 
type p is Op. We have set the (ai, a 2 )~tuples to (0.2, 0.8), (0.5, 0.5), and 
(0.8, 0.2). The number of servers of the three resources is c r = 6, 3, and 
1. c r has been set such that the expected utilization of the resources 
is equal. The total arrival rate A is controlled by the utilization per 
server u. u has been set to 0.6, 0.75, and 9. The number of instances 
has been obtained as follows: Level of (W±, W 2 ) x level of r x level 
of u x level of combinations of project networks x level of (ai, 02 ) 
= 2 • 3 • 3 • 3 • 3 = 162. According to preliminary tests we have set the 
look ahead parameter of the LM-rule to k = 1. The replication length 
has been set to 500,000 and the warm up phase to 100,000 time units. 
Four replication have been carried out for each instance. 
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4 Results 

We analyse the results w.r.t. the levels of the parameters r and u be- 
cause these two factors have shown a significant impact on the results 
in studies of the dynamic and deterministic job shop scheduling prob- 
lem and the static and deterministic multi-project scheduling problem, 
respectively. In the context of a dynamic and deterministic job shop 
with weighted tardiness objective (cf. Kutanoglu and Sabuncuoglu [5]) 
WSPT achieved good results when due dates were difficult to meet 
(high utilization or tightness) while MINSLK achieved good results 
when due dates were easy to meet (low utilization or tightness). A 
special case of the LM-rule (cf. Vepsalainen and Morton [7]) showed a 
better performance than MINSLK and WSPT in many cases. The LM- 
rule (cf. Lawrence and Morton [6]) showed better results than a num- 
ber of other rules, including MINSLK, for the static and deterministic 
multi-project scheduling problem with weighted tardiness objective. 

Table 1 reports the average weighted tardiness as well as the average 
rank of the priority rules for the combinations of tightness r and uti- 
lization u. There are two main observations: First, MINSLK is the best 
rule in case of low utilization (u = 0.6), irrespectively of the tightness 
of the due dates, and in case of tight due dates (r = 0), irrespec- 
tively of the utilization. The LM-rule is the best rule in the case of 
loose due dates (r = 4) and a medium or high utilization (u > 0.75). 
Secondly, the performance gap between MINSLK and LM is not very 
large. Hence, the simpler rule MINSLK can be used if ease of imple- 
mentation is important. We have the following explanations for these 
results. First, in the case of a stochastic problem the value of the in- 
formation on the activity duration is decreased because only expected 
values are known. Furthermore, the priority rules WSPT and LM can- 
not distinguish between identical activities (having identical expected 
values) which belong to different projects of the same type. Secondly, 
if the slack of an activity is negative, the LM-rule reduces to Wij/i^ij 
which makes it static while MINSLK uses the dynamic information of 
negative slack. 
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Table 1 

T — 0 r = 4 



u 


Rule 


Weighted Rank 
tardiness 


u 


Rule 


Weighted Rank 
tardiness 


0.60 


MINSLK 


109.27 


1.00 


0.6 


MINSLK 


0.01 


1.22 




LM 


112.16 


2.06 




LM 


0.01 


1.44 




MAXPEN 


116.88 


3.28 




FCFS 


0.09 


3.00 




WSPT 


118.29 


3.72 




MAXPEN 


1.97 


4.44 




FCFS 


121.89 


4.94 




WSPT 


1.92 


4.56 


0.75 


MINSLK 


137.62 


1.17 


0.75 


LM 


0.31 


1.39 




LM 


141.20 


1.89 




MINSLK 


0.31 


1.61 




MAXPEN 


151.22 


3.11 




FCFS 


3.04 


3.00 




WSPT 


161.22 


4.06 




MAXPEN 


14.92 


4.28 




FCFS 


166.83 


4.78 




WSPT 


17.09 


4.72 


0.90 


MINSLK 


258.93 


1.67 


0.9 


LM 


30.37 


1.00 




LM 


260.83 


1.78 




MINSLK 


32.56 


2.00 




MAXPEN 


280.56 


2.61 




FCFS 


91.56 


3.00 




WSPT 


345.75 


4.17 




MAXPEN 


115.68 


4.06 




FCFS 


354.20 


4.78 




WSPT 


158.52 


4.94 
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1 Introduction 

Staff scheduling involves the assignment of a qualified employee to 
the appropriate workstation at the right time while considering var- 
ious constraints. According to current research employees spend 27 to 
36% of their working time unproductively, depending on the branch 
[10]. Major reasons include a lack of planning and controlling. Most 
often staff scheduling takes place based on prior experience or with the 
aid of spreadsheets [1] . Even with popular staff planning software em- 
ployees are regularly scheduled for one workstation per day. However, 
in many branches, such as trade and logistics, the one-employee-one- 
station concept does not correspond to the actual requirements and 
sacrifices potential resources. Therefore, sub-daily (including sub-shift) 
planning should be an integral component of demand-oriented staff 
scheduling. 

2 Description of the Problem 

The present problem originates from a German logistics service provider 
which operates in a spatially limited area 7 days a week almost 24 
hours a day. The employees are quite flexible in terms of working hours. 
There are strict regulations e.g. with regard to qualifications because 
the assignment of unqualified employees can lead to material damage 
and personal injury. Many employees are qualified to work at different 
workstations. Currently, monthly staff scheduling is carried out with 
MS EXCEL, in which employees are assigned a working-time model 
and a set workstation on a full-day basis. Several considerations are 
included, such as attendance and absence, timesheet balances, qualifi- 
cations and resting times etc. The personnel demand for the worksta- 
tions is subject to large variations during the day. However, employees 

B. Fleischmann et al.(Eds.), Operations Research Proceedings 2008, 141 

DOI: 10.1007/978-3-642-00142-0 23, © Springer-Verlag Berlin Heidelberg 2009 



142 Volker Nissen and Rene Birnstiel 



are generally scheduled to work at the same workstation all day, caus- 
ing large phases of over- and understaffing. This lowers the quality 
of service and the motivation of employees and leads to unnecessary 
personnel costs as well as downtime. Usually, floor managers intervene 
on-site by relocating employees on demand. Nine different workstations 
need to be filled. Personnel demand is given in 15-minute intervals. A 
total of 45 employees are on duty, each having different start and end 
times from their work-time models. A staff schedule is only valid if 
any one employee is only assigned to one workstation at a time and 
if absent employees are not part of the plan. There are hard and soft 
constraints which are penalised with error points. The determination 
of error points is in practice an iterative process and not covered here. 
The objective is a minimisation of error points in the final solution. 

3 Related Work 

In [6] Ernst et al. offer a classification of papers related to the issue of 
staff scheduling between the years 1954 and 2004. This category flexi- 
ble demand is characterised by little available information on schedules 
and upcoming orders (e.g. in inbound call centres). A demand per time 
interval is given as well as a required qualification. Thus, the logistics 
service provider problem can be classified in the group flexible demand 
schemes. However, it also has characteristics from the category task as- 
signment. In [8] Schaerf and Meisels provide a universal definition of an 
employee timetabling problem. Both the concepts of shifts and of tasks 
are included, whereby a shift may include several tasks. Employees are 
assigned to the shifts and assume task for which they are qualified. 
Since the task is valid for the duration of a complete shift, no sub- 
daily changes of tasks are made. Blochlinger [4] introduces, timetabling 
blocks (TTBs) with individual lengths. In this model employees may be 
assigned to several sequential TTBs, by which sub-daily time intervals 
could be represented within a shift. Blochlinger ’s work also considers 
tasks; however, a task is always fixed to a TTB. Essentially, our re- 
search problem represents a combination of [8] (assignment of staff to 
tasks) and [4] (sub-daily time intervals). As a work quite related to 
our own research Vanden Berghe [12] presents an interesting planning 
approach for sub-daily time periods (flexible demand), which allows 
the decoupling of staff demand from fixed shifts resulting in fewer idle 
times. However, scheduling is not performed at the detailed level of 
individual workstations as in our re-search. Apparently, there exists no 
off-the-shelf solution approach to the kind of detailed sub-daily staff 
planning problem considered here, although local search and construc- 
tive heuristics were successful in the 2007 ROADEF-challenge for a 
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similar scheduling problem from France Telecom [11]. An evolutionary 
algorithm (EA) for the logistics service provider problem is outlined 
below. We assume the reader is familiar with basics of EA [2] . 

4 An Evolutionary Solution Approach 

Evolutionary Algorithms are broadly applicable metaheuristics, based 
on an abstraction of natural evolution [2] . The EA suggested here com- 
bines the efficient selection scheme from evolution strategies (ES) [3] 
with search operators similar to genetic algorithms (GA). ES and GA 
belong to the same class of metaheuristics, so merging them is rela- 
tively straightforward and can improve performance. It is important, 
though, that coding, search operators and selection pressure work to- 
gether. For a practical application, this can today only be determined 
through experimental testing. To apply solution methods, the schedul- 
ing problem needs to be conveniently represented. A two-dimensional 
matrix is applied (table 1). The rows of the matrix signify employees 
and the columns signify time periods. To mark times in which an em- 
ployee is not present due to his work-time model, a dummy workstation 
is introduced (in table 1: workstation 0). Assignment changes can only 
be made on non-dummy workstations, so that no absent employee is 
included. Within the planned period, time is viewed as discrete. An 
event point (a new time interval begins) occurs when the allocation re- 
quirement for one or more workstations or employee availability change. 
With this method the periods are not equally long, so their lengths need 
to be stored. Thus, the matrix of each solution consists of 45 rows and 
63 columns, yielding 2,835 dimensions, but workstation assignments 
can only be made in 1,072 dimensions due to employee absence. 

Table 1 . Assignment of workstations in a two-dimensional matrix. 



employee 


period 




0 1 2 3 4 5 6 


1 


1111111 


2 


0 0 2 2 2 2 2 


3 


0 0 1 1 2 2 2 


4 


0 0 6 6 6 6 2 


5 


3 3 3 2 2 0 0 



The EA-population is initialized with valid solutions where workers 
have been assigned to workstations for an entire shift. The fitness eval- 
uation of individuals is based on penalties for violating the constraints 
of the problem, such as under- or overstaffing of workstations or in- 
sufficient qualification of employees. Excessive job rotations are also 
punished. A (//, A)-selection is employed, meaning that in every gener- 
ation A offspring are generated from fj, parent solutions. It is a deter- 
ministic, non-elitist selection method that prevents parents to survive 
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to the next generation cycle. However, the best solution found during 
an experimental run is always stored and updated in a ” golden cage”. 
It represents the final solution of the run. Following suggestions in the 
literature [2] [3], the ratio fx / A is set to 1/5 - 1/7 during the practical 
experiments. 




Fig. 1 . Recombination operator employed. 



The recombination of parents to create an offspring solution works as 
follows: A crossover point is determined independently and at random 
for each employee (row) of a solution and the associated parts of the 
parents are exchanged (similar to n-point crossover in GA, fig. 2). Mu- 
tation of an offspring is carried out by picking an employee at random 
and changing the workstation assignment for a time interval chosen 
at random. It must be ensured, though, that valid assignments are 
made w.r.t. the problem constraints. Since mutation is a rather disrup- 
tive operator it is applied with probability 0.8 to only one employee 
per offspring. This value is purely heuristic and based on tests, as no 
recommendation for this type of application is available from the liter- 
ature. The EA terminates when 400.000 solutions have been inspected 
or the population has converged. Alg. 1 presents an overview of the 
approach. 

Algorithm 1 Outline of evolutionary approach. 

1: procedure EVOLUTIONARY ALGORITHM 
2: initialize the population 

3: calculate fitness of initial population 

4: repeat 

5: draw and recombine parent solutions 

6: mutate offspring 

7: calculate fitness for offspring 

8: select the new population 

9: until termination criterion holds 

10: output best solution from current run 

11: end procedure 



EA-results are compared to local search that performed well in the 
2007 ROADEF-challenge [11]. It starts from the manual plan. Then, 
the workstation allocations are systematically and successively altered 
through all dimensions. The objective function value is calculated af- 
ter each change. When error points are not increased, the workstation 
change is accepted. In a multi-start version, local search is re-initialized 
until roughly the same amount of solutions has been inspected as in 
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the EA. Furthermore, the EA is compared to an own implementation 
of Particle Swarm Optimization (PSO), not detailed here for reasons of 
space. In PSO swarm members are assumed to be massless, collision- 
free particles that communicate and search for optima with the aid of 
a fitness function within a solution space [7] [9]. In this process each 
single particle together with its position embodies a solution to the 
problem. PSO performed well in a similar timetabling problem [5]. 

5 Results and Discussion 

EA-experiments with different selection schemes were conducted. Ta- 
ble 2 presents the results for (30,200)- and (10,50)-selection. The aver- 
age number of fitness evaluations (solutions inspected) as a hardware- 
independent measure is used to compare the computational require- 
ments between all different solutions approaches. Thirty independent 
runs were performed for each of the experiments. All tests were con- 
ducted on a standard PC. 



Table 2. Comparison of results for the logistic service provider problem, 
based on 30 independent runs for each heuristic. The best solutions (EA) are 
underlined. 





average 

error 


minimal 

error 


number of 
jobchanges 


wrong 

qualification in 
minutes 


understaffing 
in minutes 


overstaffing in 
minutes 
(demand > 0) 


overstaffing in 
minutes 
(demand = 0) 


number of 
fitness 
evaluations 


manual plan 


11,850.00 


11,850.00 


0.00 


0.00 


2,400.00 


1,950.00 


3,750.00 




local search 


5.640.00 


5,640.00 


180.00 


0.00 


825.00 


3,615.00 


510.00 


38,592 


multistart local search 
(random workplaces 
per period) 


5,623.75 


5,552.00 


242.00 


0.00 


750.00 


3,540.00 


510.00 


424,512 


multistart local search 
(random workplaces 
per day) 


5,666.73 


5,505.00 


195.00 


0.00 


750.00 


3,540.00 


510.00 


424,512 


PSO 


5,618.53 


5,521.00 


211.00 


0.00 


750.00 


3,540.00 


510.00 


400,000 


EA (10,50)-selection 


5.503 33 


5 487 00 


177.00 


0.00 


750.00 


3,540.00 


510.00 


400,010 


EA (30,200)-selection 


5,525.33 


5,503.00 


193.00 


0.00 


750.00 


3,540.00 


510.00 


400,030 



The manually generated full-day staff schedule results in 11,850 error 
points as an upper bound. The absolute optimum (minimum) of the 
test problem is unknown. An indication of a very good fitness value 
was generated by an extremely time-consuming PSO-run that investi- 
gated a total of 93,397,072 solutions and resulted in 5,482 error points. 
The simple local search that starts from the manual full day sched- 
ule as initial solution has the least computational requirements but is 
dependent on the start solution. In terms of effectiveness, local search 
appears inferior to the other methods. In its multi-start form, however, 
the quality of results is much better but at the cost of higher computa- 
tional requirements. PSO generally performs at the level of multi-start 
local search. It is apparently difficult for PSO to reduce the number 
of workstation rotations and to maintain all hard constraints simul- 
taneously while fine-tuning the solution. The evolutionary approach 
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produces the best results with (10,50)-selection slightly superior to 
(30,200)-selection. Both require not more computational effort in terms 
of inspected solutions than PSO or multi-start local search. Thus, the 
EA-approach is the most effective heuristic for this application. The 
superior performance must be attributed to the operators of the EA 
since the coding is identical for all heuristics discussed here. In future 
research, these promising results are to be expanded by increasing the 
current planning horizon and creating further test problems with the 
aid of cooperating companies. Moreover, other heuristics from roughly 
comparable problems in the literature are currently being adapted to 
our domain and tested to further validate the results. 
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Summary. The aim towards optimal utilization of business opportunities 
and manufacturing resources increases the requirements on both production 
planning and scheduling. One of the main goals is to maintain a high level of 
flexibility to permit a fast response to changed situations in the market. In 
this paper, a scheduling problem encountered in the flexible manufacturing of 
mobile terminals is discussed. 



1 Introduction 

In the mobile phone business the competition is focused on the ability 
to respond to changing market conditions promptly and flexibly. Mar- 
ket shares are retained or increased by introducing new designs and 
concepts at an increasing pace. This leads to a growing product port- 
folio and together with the shortened product life cycles they present 
a considerable challenge for efficient steering of the manufacturing pro- 
cesses [1]. 

In this paper, a real-life challenge in the production of mobile terminals 
is described and solved applying mathematical optimization tools. An 
mixed integer linear programming (MILP) -based multi-objective opti- 
mization model able to consider raw material availability and customer 
order specific constraints as well as staff balancing aspects is proposed. 
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2 Problem Description 

The production of the core hardware components of mobile terminals 
is typically organized as modular production lines (MPL). These lines 
consist of a set of modules responsible for the different steps in the 
assembly. Each line is tailored to be able to produce a set of different 
intermediate variants with minor set-up modifications. 

The short-term scheduling of MPL utilization is performed based on 
the following information: A) Demand for different products, B) The 
number of required operators for each product/line, and C) Knowledge 
on the alternative lines where the different intermediate product ver- 
sions can be assembled. Besides minimizing tardiness of the orders, also 
maximal utilization of equipment and human resources, and minimiza- 
tion of the mean flow time of the orders are considered. 

A as illustration of the problem setting, a task adopted from a real-life 
scheduling configuration is considered. Let us assume that a mobile 
terminal company has 10 production lines of three different types; 4 
of type I, 4 of type II and 2 of type III. These types can be seen as 
different generations of production lines and they are thus the result of 
gradual process evolution and development. The most recent lines are 
the most efficient ones. 

The production is planned for a period of two weeks and the operational 
environment is flexible due to the large extent of operators that are 
contracted just for the period in question. The manufacturing is run 
with two twelve hour shifts a day, 7 days a week. During the current 
planning period 14 different product variants have to be assembled 
and delivered. The planning is performed on shift-basis so that a line 
only participates in the manufacturing of one product each shift. Also 
due-dates are defined based on the shifts. 

The configuration matrix and the order data are given in Table 1 . In the 
upper part of the table, each row corresponds to a production line type 
and the columns correspond to the different orders. The numbers in the 
matrix indicate the required amount of operators to run a production 
line in case of the respective product. Accordingly, the absence of a 
number in the matrix denotes that the product cannot be assembled 
using the line type. In the lower part, the customer demand and due- 
dates of each product batch are given so that the numbers refer to the 
specific work shifts. The production relies on a subcontractor network 
and therefore also release dates have to be considered. The set-up times 
are not significant. 
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Table 1 . Above: MLP configuration matrix for the example with 14 orders. 
Below: Demand, relase- and due-date for each order. 



Line type Order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 44 545336335354 

2 45 65635-345-54 

3 -56 - 6356 - 4 - - 54 



Order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 



Demand 7 12 21 14 10 10 13 10 15 12 18 21 22 25 

Release date 1 1 1 3 3 9 5 11 13 13 19 17 21 21 

Due date 2 4 5 7 9 12 15 16 19 20 24 25 28 30 



3 Deterministic Optimization Approach 

The problem can be formulated as an MILP problem as follows: A 
set of product orders I are to be assembled during the time horizon 
with discretized time periods, shifts, belonging to the set J. The set 
of production line types is denoted by K. In this case, the constraints 
are, for example, that all ordered amounts di of products i have to be 
assembled during the planning time horizon 

EE e ik z ijk E di V i £ I (1) 

j€ J k£K 

where the integer variables Zijk denote the number of production lines 
of type k manufacturing product i at time period j. e ^ is an efficiency 
factor describing the production capacity when manufacturing prod- 
uct i with one MPL of line type k. Because combinations of differently 
efficient assembly lines may result in difficulties to exactly match the 
demand, a limited slack in production will be allowed. The slack s de- 
scribes thus the fraction of time a line may be idle during the production 
of an order. 



EE &ik z ijk — s ' di V i £ I (2) 

j£j k£K 

The value of the slack variable has here been set to 1.1 which indi- 
cates that, for a 12 hour shift, the production can be discontinued for 
maximally about one hour to ensure correct amount of products. Fur- 
thermore, the maximum number of active line types may not exceed 
the available number of lines at any time period. 
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y z v k - Uk V j e J,ke K (3) 

i£l 

To be able to encounter the tardiness of the orders, binary variables yij 
are introduced that take the value one if product i is manufactured in 
period j. 



T, z ijk < My i:j V i <E I,j G J (4) 

k 

where M is a sufficiently big number, e.g. the total number of different 
lines available. The tardiness T of an order is defined as the number 
of time periods, shifts, from the due-date until the time when the last 
unit of the order can be delivered. 

Ti > ( j - ddi)yij V i € I,j G J (5) 

where ddi is the due-date of product i. The number of required opera- 
tors operj at each time period is obtained by 

EE OikZijk = operj V j <E J (6) 

iei keK 

where o^k contains the information of required operators (Table 1). 
The maximal difference between the minimum and maximum number 
of operators Ao required during the planning horizon is given by 

operj — oper alloc < Ao V j G J (7) 

—operj + oper alloc < Ao V j G J (8) 

where oper aUoc is the number of operators allocated for the production 
during the two-week period. 

The main objectives are to obtain a production schedule with a minimal 
amount of tardy orders with an as small as possible number of operators 
and, furthermore, with an as even operator load as possible: 



min Ao 


(9) 


min Ti 


(10) 


iei 




min oper alloc 


(11) 
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4 Optimization Results 

The solution of a multi-objective optimization problem is often ob- 
tained as a set of non-dominated solutions. None of these solutions can 
be said to outperform the others with respect to all objectives and the 
user has to select one based on the importance of the objectives. Many 
algorithms for solving such problems using classical optimization meth- 
ods have been suggested during the last four decades [3]. In this work 
no a priori information of the different objectives’ importance has been 
used, although it may be available. Instead, the used approach resem- 
bles the e-approach by Hairnes et al. [4], The problem is reformulated 
into a single objective optimization task: 



min 100 I) + Ao 


(12) 


iei 




s.t. oper alloc = p 


(13) 


Ao < £ 


(14) 



where p is a fixed number of operators allocated for the period (eqs.( 1 — 
8) shall be included in the formulation). The weights in the objective 
function are selected so that the influence of Ao on the objective func- 
tion will never exceed that of one order being delayed one time period 
because the magnitude of Ao is below 100. Still, Ao will be minimized 
as a secondary important objective and when a solution have been ob- 
tained, e , which initially was given a large number, is set to, e = Ao— 1, 
and the problem is resolved a number of times until no feasible solution 
can be found. When no more non-dominated solutions can be obtained, 
the selected p can be changed and the procedure reiterated. The num- 
ber of operators p is changed over a span of values that are expected 
to be sufficient. 

The non-dominated solutions obtained are shown in Figure 1. The 
markers refer to solutions with different values on the number of oper- 
ators p to hire. It can, for example, be seen that the orders can be met 
by a schedule requiring 28 operators with maximally one operator idle 
during the two-week period and with a total tardiness value of 4. 

The example resulted in an MILP model with about 640 integer and 
240 binary variables. The set J, with time periods, was defined so that 
every order can be delayed for at most 4 time periods. The model 
was solved on a 2000 Mhz PC with the CPLEX MILP solver [5] using 
the mip-emphasis set for integer feasibility and with a time limit for 
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Fig. 1 . Non-dominated solutions for the scheduling task. The legends corre- 
spond to the total number of operators needed. 

each MILP problem set to 400 seconds. Thus, global optimality is not 
guaranteed. 

5 Conclusions 

In this paper, the production planning and scheduling challenges in mo- 
bile terminal manufacturing were discussed. A case study derived from 
a typical industrial problem setting was presented and solved using an 
MILP formulation to represent the multi-criteria optimization problem. 
Although the example was a simplified illustration of the production 
arrangement in mobile terminal manufacturing, the importance of this 
kind of considerations is obvious. 
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1 Introduction 

Revenue management is essentially the process of allocating resources 
to the right customer at the right time and the right price (cf. [9]). 
A slightly different approach to revenue maximization can be met in 
“classical” scheduling theory (cf. [3]), where the goal is to maximize 
the criterion value, i.e. the profit, for some given values of the problem 
parameters (cf. [8]). Such a model finds many practical applications. For 
example, a set of jobs can represent a set of customer orders which may 
give certain profit to a producer. Due to limited resources, modeled by 
a machine or a set of machines, the producer has to decide whether to 
accept or reject a particular order and how to schedule accepted orders 
in the system. Delays in the completions of orders cause penalties, 
which decrease the total revenue obtained from the realized orders. For 
this reason, maximizing revenue is strictly related to due date involving 
criteria (cf. [3]) such as minimizing tardiness or late work (cf. [11]). 
The maximum revenue objective function has been studied mostly for 
the single machine environment (cf. [2], [5], [8], [10]). 

In our research, we investigate the problem of selecting and execut- 
ing jobs on identical parallel machines in order to maximize the total 
revenue (profit) with the weighted tardiness penalty. 



2 Problem Definition 

In the work, we analyzed the problem of selecting and executing a set 
of n jobs J = { Ji, J 2 , ..., J n } on a set of m parallel identical machines 
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M = {Mi, M 2 , Each job Jj is described by the release time 

Tj , at which it becomes available, and the processing time pj, for which 
it has to be performed without any preemption. All jobs selected for 
execution in the system have to be completed before their deadlines Dj . 
Moreover, a due date dj is defined for each job, which determines its 
latest finishing time resulting in the full revenue qj. If the completion 
time of a job exceeds its due date, the revenue is decreased by the 
weighted tardiness (with the weight Wj), which represents the fine paid 
by a system owner to a customer for feasible delay. The goal is to 
select a subset of jobs and to schedule them between release times and 
deadlines on machines in order to maximize the total revenue Q. 
Introducing binary positional variables Xjki, which represent the fact 
of assigning job Jj (j = l,...,n) to machine Mfc (k = l,...,(m + 1)) 
on position i ( i = 1, ..., n), we can formulate the scheduling case stated 
above as the mixed integer programming problem (MIP). We assume 
that machine M m+ \ is a dummy machine collecting all rejected jobs 
giving zero revenue. 



m n 



Maximize Q = Qki 

k=l 2=1 




(1) 


n m+1 

Subject to: *y y^ Xjki < 1 j = 1, 

2=1 k= 1 


..., n 


(2) 


n 

Y, Xj k i < 1 k = 1, ..., (m+ 1); i = 1, 

3 = 1 


...,n 


(3) 


n n 

yx jk{i+1) < y Xjki k = 1, ..., (m + 1); i = 1, 

3 = 1 i =1 


,...,(n- 1) 


(4) 


x jk i e {0,1} j = 1, ..., n; k = l...,(m + l); 


i = 1, ..., n 


(5) 


tki > 0 k = 1, ..., m; i = 1, ..., n 




(6) 


n 

tki > y Xjki rj k = 1, ...,m; i = 1, .. 

3 = 1 


.,n 


(7) 


n 

tki <y Xjki (Dj - Pj) k = 1, ...,m; i = 

i=i 


l,...,n 


(8) 


n 

tki ^ ^ %jki Pj — ^fc(2+l) ^ = 1? •••> ^5 ^ = 1; 


1) 


(9) 
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Qki < Qj ~ Wj max{ 0, t ki + pj - dj } + (1 - x jki ) M 

j = 1, n; k = 1 i = 1 (10) 

n 

Qki < Xjki M k = 1 , i = 1 , ...,n (11) 

3 = 1 

Constraints (2) ensure that each job is assigned to exactly one posi- 
tion on a machine, while constraints (3) guarantee that each position 
is occupied by at most one job. Due to constraints (4), there is a job 
on a certain position in a sequence, only if the previous position is also 
occupied. Constraints (5) guarantee correct values of binary decision 
variables. The starting times for jobs are further variables in our model. 
They have to take non-negative values (6), exceeding the release time 
of a job (7), but not violating its deadline (8). Constraints (9) ensure 
that two consecutive jobs do not overlap. Constraints (6)-(9) are formu- 
lated only for real machines (k < m), since only jobs executed on real 
machines provide revenue (10), which increases the criterion value (1). 
Constraints (11) ensure that the positions on machines not occupied 
by any job give zero revenue (M denotes a big integer value). 

The considered problem is NP-hard, since the problem of minimizing 
the weighted tardiness for a subset of accepted jobs, which is necessary 
to maximize the total revenue, is already intractable [7]. Similarly, the 
problem of selecting jobs for execution with the tardiness penalty is 
also NP-hard [10]. 



3 Solution Methods 

Any method solving the problem under consideration has to decide 
about three issues: which jobs should be accepted, how to assign ac- 
cepted jobs to machines and how to schedule jobs on particular ma- 
chines. In the presented research, we proposed three strategies: branch 
and bound, list scheduling and simulated annealing. 

List Scheduling. A list scheduling algorithm (LA) is a simple heuris- 
tic which was implemented in order to obtain an initial solution for 
simulated annealing as well as to determine an initial lower bound for 
the exact approach. At each iteration, it assigns an available job to 
a free machine, i.e. the job whose release time is exceeded and which 
still can be completed before its deadline giving some revenue. Jobs 
which cannot be feasibly processed or provide no revenue due to large 
delays are rejected. The method selects one job from a set of avail- 
able jobs according to a priority dispatching rule. We implemented 7 
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static rules (determining priorities based on the problem parameters, 
e.g. the maximum revenue per a processing time unit) and 3 dynamic 
rules (calculating priorities based on the problem parameters and the 
description of a partial schedule, e.g. the maximum possible revenue at 
a certain time moment). 

Branch and Bound. Branch and Bound (B&B) determines an optimal 
solution by analyzing all possible partitions of a set of jobs to machines. 
Since a set of machines contains also a dummy machine collecting re- 
jected jobs, the method checks simultaneously all possible decisions on 
accepting/rejecting jobs. Then, for a particular partition of a job set, 
B&B checks all feasible permutations of jobs on machines. The partial 
schedules whose upper bound (determined as the value of current rev- 
enue increased with the total revenue which might be obtained from 
non-assigned jobs) exceeds the lower bound are suppressed. As it was 
mentioned, an initial lower bound is calculated by the list scheduling 
heuristic using all proposed priority dispatching rules. 

Simulated Annealing. We propose a simulated annealing algorithm 
(SA) based on the classical framework of this method (cf. [4], [6]). It 
starts exploring the solution space from an initial schedule determined 
by the list scheduling heuristic with an initial temperature determined 
in a tuning process. The SA solution is represented as an assignment of 
jobs to m + 1 machines and it is transformed to a schedule by an exact 
approach determining the optimal sequence of jobs on machines. At 
each iteration SA picks at random a neighbor solution from the neigh- 
borhood of a current schedule. A new solution is improved with a local 
search procedure, whose role plays a simple and fast simulated anneal- 
ing method. We proposed two different move definitions for generating 
new solutions based on shifting or interchanging jobs between two ma- 
chines. If the new schedule improves the criterion value, it is accepted, 
otherwise it replaces a current schedule with the probability depending 
on the criterion value deterioration and the current temperature. After 
a certain number of iterations, the temperature is decreased geomet- 
rically (an arithmetic cooling scheme appeared to be not efficient in 
preliminary experiments). Moreover, after a given number of iterations 
without improvement in the total revenue, we apply diversification, 
which randomly fluctuates a current solution and reheats the system 
allowing the search in a new area of the problem space. The method ter- 
minates after a given number of diversifications and iterations without 
improvement. 
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4 Computational Experiments 

The proposed algorithms were implemented in Java JDK 1.6 MAC OS 
X and tested on an Intel Core 2 Duo 2.4 GHz computer. Computational 
experiments were performed for a set of randomly generated input in- 
stances of 4 various characteristics in terms of the distribution of job 
parameters over time. There were instances with “tight” release times 
(TR), in which most jobs were available for processing around time 
zero, and “loose” release times (LR), which were spread in time. Sim- 
ilarly, instances with “tight” due dates and deadlines (TD) contained 
jobs with narrow time windows in which they can be processed without 
delay, while in instances with “loose” dues date and deadlines (LD) the 
lengths of these intervals were very close to the job processing times. 
Test results disclosed the strong influence of the instance characteristic 
on the efficiency of the heuristic methods. Due to time requirements 
of the branch and bound algorithm, the comparison with optimal solu- 
tions was possible only for small instances (m = 2, 3, 4 and ^ = 3,4,5). 
It showed the high efficiency of both heuristics, especially of simulated 
annealing, which generated mostly optimal solutions. SA found solu- 
tions with 98.73%, and LA with 89.47% of the optimal revenue on av- 
erage. In the computational experiments performed for large instances 
{m = 5,10,15,20 and ^ = 2,5,10,15) SA was still able to improve 
the quality of initial solutions generated by LA by 9.96% on average. 
The branch and bound algorithm was obviously a very time consurn- 



Table 1 . The efficiency of the list scheduling and simulated annealing methods 





Percentage of 
optimum revenue in [%] 
(m = 2, 3, 4) 


Improvement of 
initial revenue in [%] 
(m = 5,10,15,20) 




LA vs. B&B 


SA vs. B&B 


SA vs. LA 


n 

m 


3 4 5 


3 4 5 


2 5 10 15 


TR-TD 

LR-TD 

TR-LD 

LR-LD 


88.43 83.34 74.62 
92.34 93.09 90.48 
89.89 93.36 84.73 
100.00 91.68 91.64 


100.00 97.66 97.62 
97.70 99.10 98.88 
99.39 98.67 96.59 
100.00 98.93 98.20 


5.66 12.62 17.46 22.10 
0.21 5.47 10.85 8.75 
3.87 11.95 18.14 17.23 
0.04 4.04 9.18 11.85 



ing method. It required nearly 16 hours for computational experiments 
with 72 instances of the small size, while SA and LA consumed negligi- 
bly short time in this case. For 320 large instances, the running time of 
simulated annealing was still acceptable: it varied from a few seconds 
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to 50 minutes depending on the number of jobs and the difficulty of an 
instance. 



5 Conclusions 

We investigated the problem of simultaneous selecting and scheduling 
a set of jobs on a set of identical parallel machines in order to maximize 
the total revenue. We proposed the MIP formulation for this scheduling 
case and designed exact and heuristic approaches, which were tested in 
the extensive computational experiments. Within the future research, 
we will analyze a similar problem of orders acceptance and scheduling, 
which arises in a real world environment [1] . 
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1 Introduction 

The classical job shop assumes that each job visits a machine only once. 
In practice, this assumption is often violated. Recently, the reentrant 
job shop has become prominent in which a certain job may visit a 
specific machine or a set of machines more than once during the pro- 
cess flow. Reentrant job shops can be found in many production sys- 
tems, particularly in high-tech industries such as semiconductor man- 
ufacturing. Another example is the manufacturing of printed circuit 
boards that require both surface-mounted devices and conventional pin- 
through-hole devices. It is also employed in parts that go through the 
painting and baking divisions alternately for different coats of paint in 
a painting shop. The problem of minimizing makespan in a reentrant 
job shop is theoretically challenging. In fact, it is NP-hard in the strong 
sense even for the two-machine case [1]. For the solution of job shop 
scheduling problems (JSSPs), exact methods such as integer program- 
ming formulations [2] and branch-and-bound algorithms [3] have been 
developed to produce optimal solutions. However, their worst-case com- 
putational burden increases exponentially with the size of the problem 
instance. As noted in Aytug et al. [4], for industrial problems the com- 
putational time of any algorithm must be short enough that the result- 
ing schedule can be used. Hence, a variety of heuristic procedures such 
as dispatching rules, decomposition methods, and metaheuristic search 
techniques have been proposed for finding ’’good” rather than optimal 
solutions in a reasonably short time. While the dispatching rules are 
computationally efficient and easy to use, they are generally myopic in 
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both space and time and may result in poor long term performance [5] . 
Decomposition methods aim at developing solutions to complex prob- 
lems by decomposing them into a number of smaller subproblems which 
are more tractable and easier to understand. The Shifting Bottleneck 
Heuristic (SBH), originally proposed by Adams et al. [6] and improved 
by Balas et al. [7], is a powerful decomposition method for the JSSP to 
minimize makespan (J m || C max ). It takes advantage of the disjunctive 
graph representation introduced by Roy and Sussmann [8] to model 
interactions between the subproblems. At each iteration, the most crit- 
ical unscheduled machine is identified and scheduled optimally. Every 
time a new machine is scheduled, the constraints imposed by these 
new decisions are propagated through the partial solution using the 
directed graph representation. In the original SBH, each subproblem is 
that of minimizing maximum lateness ( L max ) on a single machine in 
the presence of release times and dues dates. This problem is NP-hard 
[9] and it is solved optimally by a version of Carlier’s branch-and-bound 
method [10] for small-size problems. The subproblem formulation and 
solution has been later improved by Dauzere-Peres and Lassere [11] 
and Balas et al. [7] with the addition of delayed precedence constraints 
to insure the feasibility of the single machine subproblem solutions. 
Ovacik and Uzsoy [12] later extended the SBH to minimize maximum 
lateness with reentrant product flows, sequence-dependent setup times. 
Oey and Mason [13] and Mason and Oey [14] studied a complex job 
shop problem with reentrant flow and batch processing machines, and 
proposed a modified SBH for generating machine schedules to mini- 
mize the total weighted tardiness. Most of the experiments conducted 
on the SBH have focused on relatively small problems and small sets of 
benchmark problems available in the literature. As noted in Singer [15], 
most of the proposed methods are incapable of solving large problem 
instances with more than 30 jobs. Given that an instance with 30 jobs 
is a rather small problem in real life, we propose a bottleneck-based 
heuristic (BBH) for solving the large-scale RJSSPs with 100 or more 
jobs with the objective of minimizing makespan (J TO |recrc|C' maa; ), in 
realistic industrial contexts. The proposed BBH is adapted from the 
SBH and tailored to the needs of the RJSSP. As in the SBH, the prob- 
lem is decomposed into a number of single machine subproblems, and 
additionally a specialized sequencing algorithm is proposed for the so- 
lution of subproblems so that the large-scale RJSSPs can be handled 
conveniently. The following section describes the BBH. In Section 3, a 
case study in a textile factory is given, which evaluates the performance 



A New Bottleneck-Based Heuristic for Reentrant Job Shops 161 

of the BBH in comparison to the well-known dispatching rules. Finally, 
concluding remarks are given in Section 4. 



2 The Proposed Bottleneck-Based Heuristic (BBH) 

The solution procedure for the BBH contains the same main steps 
as the original SBH. However, there are some differences related to 
subproblem solution and cycle elimination procedure. A new sequenc- 
ing algorithm named as SAL is developed for solving the nonpreemp- 
tive single-machine maximum lateness subproblem with release times 
(l\rj\L max ). The description of the SAL is given below. Note that Ojj 
represents the set of all operations that are not scheduled yet, whereas 
Os is the set of scheduled operations. Oy is the set of all operations 
that are not scheduled and have release times smaller than the sched- 
uled time t on the machine. 

Step 1. Initialization of the variables used in the algorithm. 

Step 2. If set Ojj is not empty, go to Step 3, otherwise, go to Step 11. 
Step 3. Compute the earliest completion time (release time plus pro- 
cessing time) for all operations that are not scheduled yet. Find the 
minimum completion time and assign this value to the current sched- 
uled time t. 

Step 4. If there is no unscheduled operation with release time smaller 
than t , go to Step 2, otherwise, go to Step 5. 

Step 5. Identify the unscheduled operations whose release times are 
smaller than t and put them in set Oy. 

Step 6. For each operation in set O'y that belongs to a job with reen- 
trance property on the associated machine, repeat steps 7 to 9. 

Step 7. Identify its preceding reentrant operation. If this operation has 
been scheduled, then compute a new release time value by adding the 
processing times of all operations between these reentrant operations 
to its completion time, otherwise, update set Oy by removing this 
operation. 

Step 8. If the computed value is greater than its current release time, 
then replace it with this value, otherwise, do not make any change. 
Step 9. If the new release time is greater than t, then update set Oy 
by removing this operation, otherwise, set Oy remains unchanged. 
Step 10. If there is no operation left in set Oy, go to step 2, otherwise, 
select an operation from set Oy with minimum due date, release time 
and index values, respectively in case of ties. Schedule the selected 
operation next on the machine. Update the sets Ojj and Os- Give a 
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sequence number for the scheduled operation. Compute its completion 
time. Assign this value to t. Initialize set O y. Go to Step 4. 

Step 11. Calculate the maximum lateness for the resultant operation 
sequence on the machine. 

The machine with the largest L max is determined as the ’’bottleneck 
machine” after the SAL is applied to all unscheduled machines at each 
iteration of the BBH. The graph representing the partial schedule is 
updated by fixing the disjunctive arcs corresponding to the sequence 
of the operations on the bottleneck machine. The C max is increased by 
Lmax (bottleneck) . Different from the JSSP, in the RJSSP, while the 
sequence of operations on the machine is being determined, the prece- 
dence relationships among the operations that belong to the same job 
and use the same machine must be ensured. In the SAL, the release 
times of reentrant operations may need to be shifted due to the pre- 
requisite operations. While the algorithm identifies the candidate op- 
erations to schedule next, the release time of a reentrant unscheduled 
operation must be updated according to its preceding operation on the 
same machine, which has been already scheduled. If its completion time 
has been shifted recently, it must be checked whether it affects the re- 
lease time of this reentrant operation. This control is performed through 
Steps 7-9 of the proposed algorithm. In the SBH, delayed precedence 
constraints, which were proposed by Dauzere-Peres and Lassere [11] 
and Balas et al. [7] , are used to insure the feasibility of the single ma- 
chine subproblems. Without these constraints the SBH may end up in a 
situation where there is a cycle in the disjunctive graph and the sched- 
ule is infeasible. Instead of imposing delayed precedence constraints, a 
new cycle elimination procedure is developed to prevent infeasibility in 
the BBH. This procedure restricts the SAL from selecting an operation 
that will create a cycle due to the previously scheduled machines. 



3 A Real Life Application in Textile Industry 

The proposed BBH is applied for solving the RJSSP of the dyeing- 
finishing facility of a textile factory. This facility is reentrant because 
the ordered jobs have to be processed on some of the machines more 
than once. The factory produces a large variety of manufactured fab- 
rics, and works under a make-to-order policy in a complicated process- 
ing environment ranging from yarn producing to yarn dyeing, weaving 
and dyeing-finishing. Currently, the planning department loads the ma- 
chines using the First Come First Served (FCFS) rule. In this applica- 
tion, a 4-week production schedule has been prepared on a daily basis. 
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On a typical day, more than one hundred jobs and approximately one 
thousand operations have to be scheduled using 20 different machines. 
Since the number of the jobs to be scheduled in a day is very high, 
the unfinished jobs are delayed to the next day. The delayed jobs are 
scheduled first on the relevant machines the next day and their planned 
completion times on the machines are regarded as the release dates of 
the waiting jobs to be scheduled on that particular day. We compared 
the BBH with respect to the dispatching rules, Most Work Remaining 
(MWKR), Longest Processing Time (LPT), Largest Number of Succes- 
sors (LNS), Shortest Processing Time (SPT), Least Work Remaining 
(LWKR), FCFS, and RANDOM. The BBH outperforms all dispatch- 
ing rules based on the C max values. The smallest gap is 11.51 % for the 
FCFS rule. The solution times are very short for all the dispatching 
rules, within less than 1 minute. However, the average solution time is 
less than 5 minutes for the BBH and this duration can be traded off 
for the increased solution quality. 

As a second performance indicator, the average delayed times of the 
jobs on the last machine through which all of them must go through 
are measured, which are 883, 887, 853, 979, 903, 738, and 860 minutes 
respectively for MWKR, LPT, LNS, SPT, LWKR, FCFS, and RAN- 
DOM, whereas it is 525 minutes for the BBH. Over the 28-day period 
only 36.21 % of the jobs are completed the next day for the BBH, while 
this is 83.01 %, 82.51 %, 65.21 %, 54.51 %, 48.01 %, 56.61 %, and 62.91 
% respectively for the above listed dispatching rules. Thirdly, the av- 
erage completion times of the jobs are analyzed. It is 948 minutes for 
the BBH, whereas it is 1527, 1525, 1342, 1305, 1238, 1233, and 1357 
minutes respectively for the listed dispatching rules. The average com- 
pletion and waiting times of jobs are reduced, and machine utilization 
rates are increased. Finally, using the paired t-test we showed that the 
difference between the dispatching rules and the BBH is statistically 
significant at 1 % level in solution quality. 



4 Conclusion 

In this paper, we present a new bottleneck-based heuristic method to 
minimize the makespan in reentrant job shops. The proposed approach 
is capable obtaining high-quality solution for large-size JSSPs in very 
short computing times. A new heuristic algorithm has been developed 
for the (i\r-j\L max ) subproblem solution in the adapted SBH. We have 
evaluated the performance of the BBH through computational experi- 
ments on a case study in a textile factory. We have stressed the applica- 
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bility of our approach and focused on the resulting benefits and savings. 
The results show that the algorithm has considerable improvements in 
comparison to the dispatching rules and the average solution time is 
less than five minutes. Whereas the computational burden of the orig- 
inal SBH increases rapidly as the number of operations increases, the 
proposed BBH is well-suited for real life applications. 
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Summary. We report on the results of an experimental analysis where we 
have compared the resource allocation capabilities of recent versions of 5 com- 
mercial project management software packages against state-of-the-art solu- 
tion methods from the literature. For our analysis, we have used 1560 RCPSP 
instances from the standard test set PSPLIB. The results indicate that us- 
ing the automatic resource allocating feature of those packages may result in 
project durations that are considerably longer than necessary, in particular 
when the resource scarcity is high or when the number of activities is large. 



1 Introduction 

The resource-constrained project scheduling problem RCPSP can be 
described as follows (cf. [1]). Given are a set V of n non-interruptible 
activities i E V, a set E of precedence relationships (i,j) E V x V 
among these activities, and a set R of renewable resources k E R with 
constant capacities R & > 0. The execution of an activity i £ k takes 
a prescribed amount of time Pi > 0 and requires a prescribed amount 
fik > 0 of each resource k E R. Sought is a baseline schedule, i.e. a 
start time Si > 0 for each activity i E V, such that [a] the precedence 
relationships are taken into account (i.e., Sj > Si+pi for all (i,j) E E ), 
[b] for every resource, at no point in time the total requirement exceeds 
the available capacity (i.e., Yliev-Si<t<Si+pi r for all k E R and 
t > 0), and [c] the project duration maxj G y Si + pi is minimized. 

For this NP-hard optimization problem, a large variety of exact and 
heuristic solution methods has been presented in the literature; for a 
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survey, we refer to [6]. In practice, however, it is common to use com- 
mercial software packages for determining project schedules (cf. [3]). In 
experimental analyses, [2, 4, 5, 7] have compared the resource alloca- 
tion capabilities of such software packages with those of specific solution 
methods. While all these studies are based on rather small test sets, [9] 
have used the 1560 RCPSP instances with 30, 60, and 120 activities, 
respectively, from the standard test set PSPLIB (cf. [8]). In this paper, 
we continue that research using recent versions of the project man- 
agement software packages Acos Plus.l (ACOS Projektmanagement 
GmbH), Turbo Project Professional (Office Work Software), CS Project 
Professional (CREST Software), Microsoft Office Project 2007 (Mi- 
crosoft Corporation), and PS8 (Sciforma Corporation). 

The remainder of this paper is structured as follows. Section 2 outlines 
the resource allocation features of the individual software packages. Sec- 
tion 3 describes the design and the results of our experimental analysis. 
Section 4 is devoted to some concluding remarks. 



2 Software Packages 

For our analysis, we installed Release 8.9a of Acos Plus.l (ACO), Re- 
lease 4.00.221.2 of Turbo Project Professional (TPP), Release 3.4.1.20 
of CS Project Professional (CSP), Release 12.0.4518.1014 of Microsoft 
Office Project 2007 (MSP), and Release 8. 5. 1.9 of PS8 (PS8) on various 
standard PCs with Windows XP or Windows Vista as operating sys- 
tem. In this section, we briefly explain how resource allocation can be 
performed manually and automatically with the individual packages. 

2.1 Acos Plus.l 

In Acos Plus.l the resource capacities and requirements need to be 
specified in units per time period. An activity filter highlights activities 
involved in resource overloads. Overloads can be resolved manually by 
dragging and dropping activities within a Gantt-chart. 

Automatic resource allocation can be performed for all or for selected 
resources and activities only. Optionally, a project completion time 
may be prescribed. As activity priorities, one of the options smallest 
total/free float time, affiliation to the critical path, longest/shortest 
processing time, number of predecessors/successors, total number of 
predecessors and successors, or user-defined values can be selected. In 
our analysis, we tested all these options except user-defined values and 
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selected the schedule with the shortest project duration. For some in- 
stances and options, however, the allocation procedure created cyclic 
precedence relationships and returned an infeasible schedule; we did 
not take such schedules into account. 

2.2 Turbo Project Professional 

In Turbo Project the resource capacities and requirements must be 
defined in units per day. Activities involved in resource overloads are 
indicated in an activity table. Turbo Project supports manual resource 
allocation with a dialog box which allows to locate and display infor- 
mation about activities involved in resource overloads. 

For automatic resource allocation the user must decide whether the ac- 
tual project duration may be increased or not. A resource filter allows 
for removing overloads of only certain resources. The activity priorities 
can be chosen manually or set to a constant value. In our analysis, we 
used the latter option. The time horizon considered for the allocation 
can be selected either according to the actual schedule or manually. 
In the first case, automatic resource allocation may result in an infea- 
sible schedule, because resource overloads beyond the current project 
completion time are not resolved. Therefore, we tried both to use a 
sufficiently long time horizon and to repeat calling the resource allo- 
cation function until we obtained a feasible schedule, and selected the 
resulting schedule with shorter project duration. 

2.3 CS Project Professional 

In CS Project the resource capacities and requirements must be spec- 
ified in hours per day. A resource profile and a resource overload indi- 
cator support manual resource allocation via drag-and-drop. 
Automatic resource allocation can be performed for all or only for se- 
lected activities and resources. It is also possible to freeze the actual 
project completion time. The user can select one of 65536 different 
priority rules by combining duration, early start, start-baseline, finish- 
baseline, late finish, total/free fioat, and user-defined values, each in 
ascending or descending order, in a four-level hierarchy. In our analy- 
sis, we tested 80 of the possible priority rules, using the first two levels 
of the hierarchy. 

2.4 Microsoft Office Project 2007 

In Microsoft Office Project the resource capacities and requirements 
are modeled as aggregated workloads; correspondingly, the duration of 
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an activity is in general seen as variable, but may also be fixed. Filters 
and a resource chart support manual resource allocation. 

For automatic resource allocation the user must specify the time hori- 
zon and the period length. A resource overload occurs when the total 
requirement within a period exceeds the total capacity; within a pe- 
riod, however, no individual time points are considered. The activity 
priorities can be set either manually or to predefined values, which are 
computed according to precedence relationships and float times. In our 
analysis we used these predefined values. 

2.5 PS8 

In PS8 the resource capacities and requirements are specified in units 
per time period (e.g. a minute or a day). For manual resource allo- 
cation, a Gantt-chart and a resource profile with common time line 
are displayed simultaneously; moreover, the software can search for re- 
source overloads. 

For automatic resource allocation the user has to choose a leveling 
time scale which is equivalent to the period concept in Microsoft Of- 
fice Project. The allocation can be restricted to certain activities and 
resources; there are no options for choosing priority values. 



3 Experimental Analysis 

For our analysis, we have used the 1560 RCPSP instances from the 
PSPLIB test sets J30, J60, and J120 (cf. [8]). The J30 and J60 test sets 
contain 480 instances with n = 30 and n = 60 activities, respectively, 
and the J120 test set contains 600 instances with n = 120 activities. 
We have downloaded the project durations in the optimal schedules 
(J30 set) and the best known feasible schedules (J60 and J120 set) on 
May 18, 2008 from the site http : //129 . 187 . 106 . 231/psplib/. In our 
analysis, we have used these project durations as reference values. 
Table 1 lists the mean, the maximum, and the variance of the relative 
makespan deviation from the reference values for the three test sets. 
With respect to all criteria, ACOS Plus.l and CS Project performed 
best, closely followed by PS8. The results of all software packages are 
getting worse when the number n of project activities increases. 

As described in [8] , the problem instances have been generated by sys- 
tematically varying the relative resource scarcity (resource strength 
RS ) , the mean number of resources used (resource factor RF ) , and the 
mean number of precedence relationships (network complexity NC). 
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Table 1. Relative makespan deviation 





Mean [%] 


Maximum [%] 


Variance [% 2 ] 


n 


30 60 120 


30 60 120 


30 


60 


120 


ACO 


3.35 4.28 11.06 


26.15 24.24 31.29 


26.16 


45.19 


60.95 


TPP 


8.61 9.92 24.42 


48.91 54.43 72.90 


110.55 155.31 212.54 


CSP 


2.88 4.47 12.12 


20.59 23.53 29.25 


18.49 


44.60 


62.83 


MSP 


5.18 6.51 15.19 


31.03 32.94 48.70 


44.66 


68.88 102.71 


PS8 


4.93 5.25 12.26 


37.93 41.41 37.43 


48.52 


62.83 


68.23 



Table 2 shows the mean relative makespan deviation for the values of 
these parameters in set J120. For all packages, the results are as follows: 

• When the resource scarcity gets higher (decreasing RS value), the 
deviation increases considerably. 

• Interestingly, the deviation is smaller if the activities require one 
resource only (RF = 0.25) or require all resources (RF = 1) than 
if the activities require several, but not all resources. 

• The mean number of precedence relationships NC has no strong 
influence on the deviation. 



Table 2. Mean relative makespan deviation in set J120 









RS 








RF 






NC 






0.5 


0.4 


0.3 


0.2 


0.1 


0.25 


0.5 


0.75 


1 


1.5 


1.8 


2.1 


ACO 


2.39 


6.82 


10.79 


15.56 


19.72 


6.02 


12.73 


13.39 


12.09 


10.35 


10.86 


11.96 


TPP 


9.27 


17.67 


24.28 


31.33 


39.53 


15.71 


30.05 


30.09 


21.82 


23.78 


24.47 


25.01 


CSP 


3.38 


8.41 


12.32 


16.56 


19.96 


6.11 


14.17 


14.77 


13.45 


11.59 


11.93 


12.85 


MSP 


4.70 


9.61 


14.22 


20.07 


27.37 


8.41 


17.83 


18.45 


16.07 


14.65 


15.02 


15.90 


PS8 


3.60 


8.12 


12.13 


16.66 


to 

o 

CO 


6.03 


14.51 


14.96 


13.54 


11.80 


12.01 


12.97 



4 Conclusions 

In this paper, we have reported on the results of an experimental anal- 
ysis in which we evaluated the resource allocation capabilities of 5 com- 
mercial project management software packages. It has turned out that 
when using any of these packages for resource allocation, a project man- 
ager must be aware of the risk that the project takes considerably more 
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time than necessary. This gap increases significantly with the number 
of project activities and the resource scarcity. In our comparison, the 
project duration computed by Acos Plus.l, CS Project, or PS8 was 
generally shorter than for Turbo Project or Microsoft Office Project. 

A possible reason for this behavior could be the resource allocation 
algorithms used by the software packages. However, we note that in 
none of the software packages it is possible to explicitly specify an ob- 
jective such as e.g. minimization of the project duration. Packages like 
Acos Plus.l or CS Project Professional offer the possibility to select a 
priority-rule for the resource allocation; this may explain their (relative) 
better performance. In contrast, all packages offer extensive modeling 
possibilities, e.g. for calendars or time-varying resource requirements. 

Acknowledgement. The authors would like to thank Christoph Mellentien for 
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1 Introduction 

Many attempts have been made to model and optimize supply chain 
design, most of which are based on deterministic approaches, see for 
example [3], [8], [4] and many others. In order to take into account 
the effects of the uncertainty in the production scenario, a two-stage 
stochastic model is proposed in this paper. 

There are a few research works addressing comprehensive (strategic and 
tactical issues simultaneously) design of supply chain networks using 
two-stage stochastic models including [6], [9], [1] and [7]. [2] developed a 
multi-objective stochastic programming approach for designing robust 
supply chains. Then, they used goal attainment technique, see [5] for 
details, to solve the resulting multi-objective problem. This method 
has the same disadvantages as those of goal programming; namely, 
the preferred solution is sensitive to the goal vector and the weighting 
vector given by the decision maker, and it is very hard in practice to 
get the proper goals and weights. To overcome this drawback, we use 
STEM method in this paper to solve this multi-objective model. 



2 Problem Description 

The supply chain configuration decisions consist of deciding which of 
the processing centers to build. We associate a binary variable y, to 
these decisions. The tactical decisions consist of routing the flow of 
each product from the suppliers to the customers. We let x \ rj , zj' and 
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ej denote the flow of product k from a node i to a node j of the 
network, shortfall of product k at customer center j and expansion 
amount of processing facility j after building the plants and revealing 
the uncertain parameters, respectively. 

We now propose a stochastic programming approach based on a re- 
course model with two stages to incorporate the uncertainty associ- 
ated with demands, supplies, processing/transportation, shortage and 
capacity expansion costs. Considering £ = (d, s, q, h, f ) as the cor- 



responding random vector, the two-stage stochastic model, in matrix 
form, is formulated as follows (see [7] for details): 


Min C T y + E[G(y,()\ 


[Expected Total Cost] 


(1) 


s.t 

y£Y c{o, i}' p l 


[Binary Variables] 


(2) 


where G(y, £) is the optimal value of the following problem: 




Min q T x + h T z + f T e 

s.t. 

Bx = 0 




(3) 


[Flow Conservation] 


(4) 


Dx + z > d 


[Meeting Demand] 


(5) 


Sx < s 


[Supply Limit] 


(6) 


Rx < My + e 


[Capacity Constraint] 


(7) 


e < Oy 


[Capacity Expansion Limit] 


(8) 


x € z G R l + MK] , e 


G R + [Continuous Variables] 


(9) 


In this paper, the uncertainty is : 


represented by a set of discrete 


scenar- 



ios with given probability of occurrence. The role of unreliable suppliers 
is implicitly considered in the model by properly way of generating sce- 



narios. 
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3 Multi-Objective Supply Chain Design Problem 

To develop a robust model, two additional objective functions are added 
into the traditional supply chain design problem, which only minimizes 
the expected total cost as a single objective problem. The first is the 
minimization of the variance of the total cost, and the second is the 
minimization of the downside risk or the risk of loss. The definition of 
downside risk or the expected total loss is: 

L 

DRisk = ^2 Pi * Max(Costi — 17, 0) (10) 

z=i 

where pi, 17 and Costi represent the occurrence probability of Ith sce- 
nario, available budget and total cost when Ith scenario is realized, 
respectively. The downside risk can be calculated as follows: 

L 

DRisk = ^ffpi * DRi (11) 

z=i 

DRi > Costi — 17 VZ (12) 

DRi >0 VZ (13) 

The proper multi-objective stochastic model for our supply chain design 
problem will be: 

L 

Min fi{x) = C T y + ^ Pi{qf x t + hf z t + ff e{) (14) 

i=i 

L L 

Min f 2 (x) = ^pi[qfxi + hf z t + fje t - ^pi{qj x t + hfzi + ff ei )] 2 

i=i i=i 



( 15 ) 

L 

Min f 3 (x) = ^ Pl * DRi ( 16 ) 

l=i 

s.t 

B Xl = 0 l = l,...L (17) 

Dxi + zi > di l = 1 , . . . L (18) 

Sxi < si l = 1 , . . . L (19) 

Rxi<My + ei l = l,...L (20) 

ei<Oy l = l,...L (21) 

c T V + of D + hf zi + fjei - 17 < DRi l = l,...L (22) 

y e Y c {0, l}l p l (23) 



x € R ] + z € R l + l * lKl * L , e E DR E Rf (24) 
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3.1 STEM method 



Step 0. Construction of a pay-off table: 

A pay-off table is constructed before the first interactive cycle. Let 
fj, j = 1,2,3, be feasible ideal solutions of the following 3 problems: 

Min fj(x),j = 1,2,3 (25) 

s.t. 

x S S (Feasible region of problem (14 — 24)) (26) 

Step 1. Calculation phase: 

At the mth cycle, the feasible solution to the problem (27-30) is sought, 
which is the ’’nearest”, in the MINIMAX sense, to the ideal solution 





Min 7 




(27) 


s.t. 


7 > - / 


j ) * 77 ji 3 = 1,2,3 


(28) 




x G X m 




(29) 




7 > 0 




(30) 



where X m includes S plus any constraint added in the previous (m — 1 ) 
cycles; ttj gives the relative importance of the distances to the optima. 
Let us consider the jth column of the pay-off table. Let /J nax and fV riin 
be the maximum and minimum values; then ttj, j = 1,2,3, are chosen 

jrnax jrnin 

such that 7 r j = Uj/ )>A a,, where aj = ’ 3 fma J — . 

Step 2. Decision phase: 

The compromise solution x m is presented to the decision maker(DM). 
If some of the objectives are satisfactory and others are not, the DM 
relaxes a satisfactory objective /j™ enough to allow an improvement of 
the unsatisfactory objectives in the next iterative cycle. The DM gives 
Afj as the amount of acceptable relaxation. Then, for the next cycle 
the feasible region is modified as: 

( X m 

x m+1 = { fj(x) < /,(x m ) + Afj, if J = 1,2,3 (31) 

[ fi(x) < fi(x m ) if i = 1,2,3, i^j 

The weight Uj is set to zero and the calculation phase of cycle m + 1 
begins. 
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4 Numerical Experiments 

Consider the supply chain network design problem, as explained in [2] . 
A drink manufacturing company is willing to design its supply chain. 
This company owns three customer centers located in three different 
cities L, M, and N, respectively. Uniform-quality drink in bulk (raw 
material) is supplied from four plants located in A, B , C and D. There 
are four possible locations E, F, G and H for building the bottling 
plants. 

The problem attempts to minimize the expected total cost, the variance 
of the total cost and the downside risk in a multi-objective scheme. 
Now, we use the STEM method to solve this multi-objective supply 
chain design problem. First, we construct the pay-off table, which is 
shown in Table 1. 



Table 1. Pay-off table 



MEAN 


1856986 


307077100000 


119113 


VAR 


6165288 


0 


3985288 


DRISK 


2179694 


1495374000 


4467.3 



Then, we go to the calculation phase and solve the problem (27- 
30) using LINGO 10 on a PC Pentium IV 2.1— GHz processor. The 
compromise solution for the location (strategic) variables is [1,1, 1,0]. 
Then, in the decision phase, DM compares the objective vector / 1 = 
Lflfl.fl) = (2219887,253346,39887) with ideal / 1 = {ft, ft, ft) = 
(1856986,0,4467.3). If f\ is satisfactory, but the other objectives are 
not, the DM must relax the satisfactory objective f\ enough to allow an 
improvement of the unsatisfactory objectives in the first cycle. Then, 
Af 2 = 999746654 is considered as the acceptable amount of relaxation. 
In the second cycle, the compromise solution for the location vari- 
ables is still [1,1, 1,0]. This compromise solution is again presented 
to the DM, who compares its objective vector f 2 = (,/f , fj f 2 ) = 
(2132615,1000000000,4467.3) with the ideal one. If all objectives of 
the vector f 2 are satisfactory, / 2 is the final solution and the optimal 
vector including the strategic and tactical variables would be x 2 . The 
total computational time to solve the problem using STEM method is 
equal to 18 : 47 (rnnuss), comparing to 02 : 26 : 37 (hh:mm:ss) in gener- 
ating 55 Pareto-optimal solutions using goal attainment technique (see 
[2] for details). 

5 Conclusion 

The proposed model in this paper accounts for the minimization of the 
expected total cost, the variance of the total cost and the downside risk 
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in a multi-objective scheme to design a robust supply chain network. 
We used STEM method, which is an interactive multi-objective tech- 
nique with implicit trade-off information given, to solve the problem. 
The main advantage of the STEM method is that the prefered solution 
does not depend on the goal and weight vectors, unlike goal attain- 
ment technique. We also avoided using several more binary variables 
in defining financial risk by introducing downside risk in this paper, 
which significantly reduced the computational times. 
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Summary. In the consumer goods industry there is often a natural sequence 
in which the various products are to be produced in order to minimize total 
changeover time and to maintain product quality standards. For instance, in 
the production of beverages, the final bottling and packaging lines determine 
the output rate of the entire production system. This type of production 
system is called “make-and-pack” . In this paper, a so-called block planning 
approach based on mixed-integer linear optimization modeling is presented 
which establishes cyclical production patterns for a number of pre-defined 
setup families. 

1 Introduction 

In the consumer goods industry the focus in production planning and 
scheduling is shifting from the management of plant-specific opera- 
tions to a holistic view of the entire supply chain comprising value 
adding functions like purchasing, manufacturing and distribution. Con- 
sequently, in order to improve the performance of the entire logistic 
chain, operational planning systems have to be established which al- 
locate the forecasted product demand between plants at various loca- 
tions, determine the distribution of final products to warehouses, and 
generate detailed schedules for manufacturing the required quantities 
of products at the various sites. 

The intention of this paper is to develop an integrated production and 
distribution model for application in the consumer goods industry that 
addresses the above-mentioned challenges. Its specific contributions are 
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the incorporation of cyclical patterns according to the block planning 
concept proposed by [2] into the production model and the integra- 
tion of a distribution model that covers the transportation between 
the plants and the distribution centres in a supply chain. The model 
is intended for decision support in operative planning with a typical 
planning horizon of 4 to 12 weeks. 

2 Scheduling “Make-and-Pack” Production 

In the consumer goods industry, for example in the production of de- 
tergents, cosmetics, food and beverages, as well as in the fine-chemicals 
industry, there is often only one single production stage after which 
final products are packed and shipped to distribution centres or in- 
dividual customers. This type of production environment is known as 
“make-and-pack production” . A practical and computationally efficient 
approach to short-term scheduling for this type of production system 
can be seen in the block planning approach proposed by [2]. The key 
idea behind this approach is to schedule blocks, i.e. a predefined se- 
quence of production orders of variable size, in a cyclical fashion. For 
instance, one block is scheduled per period. The start and ending times 
of the blocks are variable except that blocks have to be completed be- 
fore the end of the period they are assigned to. This way block planning 
provides a higher degree of flexibility regarding the time-phasing and 
sequencing of production orders compared to classical dynamic lot siz- 
ing models. Applications of the block planning approach can be found, 
for instance, in the production of yoghurt (cf. [3]) or in the produc- 
tion of hair dyes (cf. [2]). Figure 1 illustrates the concept of the block 
planning approach and its integration with distribution planning. 
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Fig. 1. Block planning and its integration with distribution planning 
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3 Model Formulation 



In the following, a mixed- integer linear programming (MILP) model for 
production and distribution planning is developed. The formulation is 
based on a continuous time representation to model the production runs 
for all items within a setup family and a discrete time representation 
with micro-periods for the daily assignment of demand elements. The 
following specific modelling assumptions should be mentioned. 

• Since the location of a production line is not essential here, we num- 
ber production lines consecutively irrespective of the plant location. 

• Production lots on each line are consecutively numbered based on 
the given setup sequence within a block. Hence, constraints which 
refer to the time phasing of production activities address lots rather 
than individual products. 

• For each lot, a time window is defined which indicates the range of 
micro-periods during which the production lot is allowed to finish. 

• Major setup times of blocks occur at the end of the processing time 
of a block when the equipment is prepared for the next setup family. 

• Due to the unique assignment of blocks to macro-periods, the same 
time index can be used for both entities. 



The notation used in the model formulation is given below. For conve- 
nience, we use weeks and days as lengths of macro and micro-periods, 
respectively. 



Indices and 

i G I 
i G Ij 

j^J 

J G Ji 
p G P 
l G L 
l G Lip 
keKi 
k G Ku 
k G Kpi 
first (it) 
t G T 
t G D 
t G Dki 



sets 

plants 

plants which supply DC j 
distribution centers (DCs) 

DCs which are supplied by plant i 

products 

production lines 

lines at plant i which produce product p 
consecutive number of production lots on line l 
lots on line l scheduled in block t 
lots which produce product p on line l 
first lot of block t on line l 
macro-periods: weeks (t = l,2,...,|Tj) 
micro-periods: days (r = 1, 2, . . ., |D|) 

time window (micro-periods) for the completion of lot k on 
line l 

(t = d kh . . .,dki) with dki = length of the time window 
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Parameters 



c 1 

% 

c 

P'1'3 

0>kl 

Ski 

Si 

Mu 

—it 

It 



E. 



PJT 



operating cost of line l per time unit 

minor setup cost for lot k on line l 

inventory holding cost per unit of product p per day 

transportation cost per unit of product p from plant i to 

DC j 

unit production time for lot k on line l 
minor setup time for lot k on line l 
major setup time of a block on line l 
maximum size of lot k on line l 
earliest start-off time (day) of block t on line l 
end of week t expressed on the daily time scale 
external demand of product p at DC j on day r 



Decision Variables 

Xki > 0 size of lot k produced on line l 

Uki £ {0, 1} =1, if lot k is set up on line 1 (0, otherwise) 

Zkir £ {0,1} =1, if l°t k has been finished up to day r on line 1 (0, 
otherwise) 

start time of block t on line l 
end time of lot k on line l 
duration of block t on line l 
output from lot k at line l on day r 

quantity of product p shipped from plant i to DC j on day 

T 

inventory level of product p at DC j at the end of day r 



a tt > 0 
fiki > 0 

Sit> o 

Qklr 
Hpij r 



F, 



PJT 



The objective function aims to minimize total costs comprised of pro- 
duction costs, minor set up costs for the production lots of the indi- 
vidual products, inventory holding costs at distribution centers, and 
transportation costs. 



E E c f -fe+E E 4-i/fci+E E EE + EE 

leLteT leL keKi pgPtgd \jeJ tel jeJi 



Constraints related to blocks 

Sit = Si + ^2 s kl ■ Ukl + E 

kGKit k&Kit 



&it > m.t 







(1) 


aid ■ xm 


V l e L, t eT 


(2) 


t = 2,. 


. ., |T with an = 0 


(3) 


V/ £ L, 


t £ T 


(4) 
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a lt + $it < It VZ € L, t £ T (5) 

Constraint (2) determines the duration of a block. According to (3) 
a block is allowed to start as soon as the predecessor block has been 
completed. Bounds (4) define an earliest start-off day for each block. 
Constraint (5) ensures that each block is completed before the end of 
the assigned week. 

Constraints related to production lots 

Xkl < M ki ■ yki l £ L, k £ Ki (6) 

l^first(it) &lt T Sfirst(it) '2/first (it) ~b Qfirst(it) ' ^first(Zt) ^ ^ L , t £ T (7) 
Qki = ^k-i,i+Ski-yki+aki-Xki l £ L, k £ K lt \ (first (It), t £ T) (8) 

,^ kl < Zkir < 1 + T f* kl l £ L, k £ Ki, t £ D k i (9) 
an dki 

Constraint (6) enforces the lot size k on line l to zero if no corresponding 
setup takes place. The calculation of the end time of the lots is expressed 
in (7) for lots which are the first ones in a block and in (8) for the 
remaining lots. In order to trace the completion of lots on a daily time 
scale, auxiliary binary decision variables, so-called heaviside variables, 
are introduced (cf. [1]). These variables indicate that lot k has been 
finished on line l up to a particular day r. (9) enforces the heaviside 
variables to zero for all periods prior to the completion period of the 



lot and to one for the remaining periods. 




Constraints related to production output 




b- 

VI 

h 


l £ Z/, k G t — d k i 


(10) 


Qklr — Mkl ’ (Zklr ^klr— l) 


l £ L, k £ hi, t £ Dki\d^i 


(11) 


^ ^ Qklr = %kl 


l G .£/, k £ K[ 


(12) 



"reDfci 



The completion of a lot is indicated by a switch from 0 to 1 in the 
periodic development of the heaviside variables according to (9). Only 
at the day when the heaviside variable switches from 0 to 1, the q- 
variable may take a positive value indicating that output is available 
from lot k produced on line l. Otherwise, its value is enforced to zero. 
(10) considers the first period in the relevant time window, (11) the 
remaining periods. Constraint (12) allocates the lot size between the 
daily output quantities of production lot k at line l. 

Constraints related to distribution centers 
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E E Qklr ^ ^ 'U' pijr pG P, * e I, T € D (13) 

ItzLip k(z.K p i 

Fpj T — Fpjr - 1 H - ^ ^ 'UpijT Fpjr P £ P 5 j £ J] t D with FpjQ — given 
ieij 

(14) 

Constraint (13) expresses the balance between total output quanti- 
ties achieved from lots producing product p at the production lines in 
plant i and the shipping quantities from plant i to the connected DCs. 
Inventory balances are given in (14). 

4 Conclusions 

Generally, the problem of determining production order sizes, their 
timing and sequencing in make-and-pack production with setup con- 
siderations is equivalent to a capacitated lot size problem. However, the 
related models presented in the academic literature do not sufficiently 
reflect the need for scheduling production orders on a continuous time 
scale with demand elements being assigned to distinct delivery dates. 
Moreover, issues like definition of setup families with consideration of 
major and minor setup times and multiple non-identical production 
lines with dedicated productline assignments are seldom addressed in 
a realistic way. In this paper an MILP-based block planning concept 
has been presented that is suited to make-and-pack production system 
in the consumer goods industry. 
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Summary. In this paper, we analyze a two-echelon inventory system with 
one warehouse, one retailer and a priority customer class with direct supply 
from the warehouse. The customer demands are arbitrarily distributed. At 
both stockpoints, the inventory control is according to a reorder-point policy 
with periodic review and fixed replenishment order sizes. For such a system, 
we present a discrete-time Markov chain model to describe the inventory po- 
sitions. With this model, the service levels for both customer classes can be 
computed. A simple priorization rule such that the priority customer class 
will be served first as well as a critical-level policy can be considered. 



1 Problem Description 

The warehouse faces two types of customers: retailers, and important 
customers who buy directly as end consumers at the warehouse. It is 
assumed that an incomplete supply to such customers leads to higher 
backorder costs in comparison to the retailers. Therefore, they will be 
served with higher priority. 

Both, the demand of an arbitrary time period at the retailer, Dr, and 
the end consumer demand D\y that is directed to the warehouse are 
generally distributed. To restrict the state space under consideration, 
we regard d^ ax and as the maximum demand sizes. That is, we 
truncate the demand distributions such that, if the maximum demands 
are chosen sufficiently large, the probability of demand sizes larger than 
these values are close to 0. 

The replenishment lead time is deterministic on a discrete time axis 
(e. g. days). It is assumed that the basic time period is chosen accord- 
ing to the length of the replenishment lead time. That is, the lead 
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time is exactly one period (e. g. 1 day). This assumption ensures the 
Markov property in the models described later on. Otherwise, any 
transition probability between two inventory positions would require 
the information on how long the actual replenishment would still take. 
We assume the following periodic schedule: The inventory is registered 
after receiving a replenishment order. The new customer orders are 
collected up to a point of time later on. They may be fulfilled by the 
available stock on-hand. Finally, after delivery, a replenishment order is 
triggered if the stock on-hand is reduced to or below the reorder point. 
Nota bene there is a time shift between the replenishment order releases 
of the retailer and those of the warehouse such that a retailer order is to 
be considered as an add-on to the demand directed to the warehouse. 
Anyway, a replenishment order usually is triggered at the end of a 
period. It will arrive next period (just before the next inspection point 
in time). 

At both stockpoints, reorder-point policies are established. We assume 
that the replenishment order quantities qn and qw are chosen such that 
at most only one order can be outstanding at the inspection points. 
That means, the replenishment order size has to be larger than the 
maximum demand of one period. To ensure steady-state in the case of 
a critical-level policy without partial backordering, the restriction is a 
little harder: qw > 2 • (djy x + (/#). This avoids unlimited waiting times 
for the retailer. 



2 The Basic Model 

In case of Poisson demand, the evolution of the inventory position can 
be described by a Markov model with the state space {s + l,...,s + (/}; 
see [2] for stockpoints that are controlled in continuous time. It is 
shown that the inventory position has an uniform distribution in the 
steady-state. The probability distribution of the on-hand inventory 
(see also [1]) and of the amount of backorders can be derived from 
these probabilities. Similar models can be developed for multi-echelon 
systems. Then, the state space consists of state vectors describing the 
inventory position at each stage. The state space for the inventory 
position remains the same also in the case of a discrete time axis if just 
before an inspection point a replenishment order of an appropriate size 
can be released. 

To model class-dependent service, we take into consideration the evolu- 
tion of the net inventory at the warehouse. The net inventory is equal 
to the inventory position except when outstanding orders are on their 
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way. According to the assumptions above, only one order of size qw 
can be outstanding. Hence, the net inventory stock may be reduced 
by qw units below the inventory position that includes the outstand- 
ing order. The minimum possible value of the net inventory stock is 
reached if the inventory position was sw + 1 at the last inspection point 
and if the maximum possible demand occurs. So, the net inventory is 
between sw + 1 — (d(y x + Qr) and sw + Qw- The lower ones of these 
values can only be reached with a positive qR. That is, the retailer has 
placed a replenishment order which was triggered if his net inventory 
stock had fallen down to sr or below by the demand dR during the 
last period before. With the same amount of dR units, the retailer’s 
inventory position (that includes the outstanding order of size qR and 
that is at least sr + 1 by assumption) has been reduced, too. It takes 
its minimum possible value if the maximum demand d^ ax has occured, 
i.e.: SR+l — d’ft^+qR = SR+qR — (dft a *—l). Hence, in case of the max- 
imum demand d^y x and net inventories between sw + 1 — (d^y* + qR,) 
and sw + 1 — {d\y x + 1) = sw ~ d^y x at the warehouse (i. e. with posi- 
tive qR), the inventory position of the retailer is between its maximum 
value (sr + qR ) and at most (d^ ax — 1) units below it. 

In general, a state of the system is denoted by ( i,j,k ), where i is 
a particular net inventory stock and j the inventory position at the 
warehouse. The third entry represents a particular inventory position 
of k items at the retailer. The transitions between these states are 
registered as changes of these inventory positions during one period. 
The states will change driven by stochastic demands and according to 
the pre-determined (s, q) replenishment policies. The probability of a 
certain transition corresponds to the probability that during one period 
a certain demand dw occurs at the warehouse, and that a certain de- 
mand dR occurs at the retailer: P(D\y = dw, Dr = dR) =: p (dw, dR). 
First, let us consider the case i = j when the system has reached a 
certain state ( i,j,k ) at which no replenishment order has been placed 
by the warehouse at this particular time instant. Then, there are four 
kinds of initial states a transition into (i, j, k) may come from: 
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p(d w ,d R ) ■ P(i + dw,j + dw, k + d R ) 

p(dw,d} i) 

■ P(i + dw + q R , j + dw + q R ,k + d R - q R ) 
P ( dw , d R ) • P(i + dw — QWij + dw, k + d R ) 



p(dw,d R ) ■ P(i + dw ~ qw,j + dw,k + d R ) 



p(dw,d R ) 

■ P(i + dw + q R ~ qw,j + dw + q R ,k + d R - q R ) 

p(dw,d R ) 

■ P(i + dw + q R ~ qw,j + dw + q R ,k + d R - q R ) 



f h j e [% + 1,S W + qw ] =■ ?i with i = j\ 
\ k G [s R + 1, s R + q R ] =: K,\ J 



(1) 



Vly = [0, minjsw/ + q w ~ i, dw*}], Vr = [0, minjsR + q R - k, d R ax }} 
'P’w = min { s w + qw - qR ~ i, dw*}] 

= [s R + 1 + q R - k, rnin{s R + q R + q R - k, d R ax }} 

'D'w = [max{0, s w + l- {dw* + q R ) + q w - i}, 

minjsH/ - dw* + qw ~ i, dw*}] 

R r = [max{0, s R + q R — {d R ax - 1) - k}, min{s R + q R -k, d R ax }] 
Tk>w = [max{0, s w + 1 - dw* + qw ~ *}, minjsiy + q w ~ j, dw*}] 
V R = [O’ min { s iJ + qR ~ k, d R ax }] 

T^W = [ max {°, s w + 1 - dw* - 2 • q R + qw ~ *}, 

min{s w - dw* ~qR + qw ~h dw*}] 

V £ = [s R + 2 • q R - (d£ ax - 1) - k, d£ ax ] 

£> w = [max{0, s w + 1 - dw* + qw ~ qR~i}, 

minjsjy + qw ~ qR~ j, dw*}] 
K = [ SR + l + q R -k,d^] 

For states with i = j — qw < sw (h e. a replenishment order at the 
warehouse has been released and still is outstanding), it follows: 

p(m,*)= E E P ( dw , dR) • P(i + dw, j + dw ~ qw, k + dR) 
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/ i G [syy + 1 - d\y x , %] =: I 2 \ 

I j C [sw + 1 ~ d\y x + q w , sw + qw] —■ J 2 I (2) 

\ k C [ s Jt + li sr + qjt] =: K . 2 J 

P 

= E E P{dw,dR ) 

d w ev^ d R eV 6 R -P(i + dw + qR, j + dw ~ qw + QR, k + dR- qR) 

( i G [s w + 1 - {d^ x + 9ii ), svr - d^ x ] =: X 3 \ 

]£[% + !- w x + (/if.) + at, .Ay + gw - d^ ax ] =: J 3 (3) 
\ k e[s R + q R - (d^ ax - 1),SR + q R ] =: IC 3 J 

with 

V§y = [s w + l-i, d ^ x ] , V\ = [0, min{ Si? + q R - k, d^ x }} 

V%r = [max{0, s w + l-q R - *}, d^ x ] 

Vr = [sr + 1 + qR - k, minjsij + 2 • q R - k, dg ax }] 

The system of steady-state equations becomes complete with the nor- 
malization constraint that replaces one of the equations above: 



EEE ?(i,j,k) + j2 E E p (b^ fc ) 

ieh jeii fce/Ci iei 2 jej 2 keK 2 



+ EEE p (hj,k) 

ieiz jeJz keK.3 



1 (4) 



3 The Service Levels 

Due to priorization, the service levels differ for both customer classes. 
The customers (denoted as end consumers (E)) that directly buy at 
the warehouse are served first. The service level that is offered to the 
retailer (R) is significantly lower. To describe the service levels, we 
analyze the probability of shortages at the warehouse. For a certain in- 
ventory state, backorders may occur due to according demands. Hence, 
the probability of backorders are: 

p(b e ) = j2 E E p(m,*)- E p (D w = d w ) 

ieiijeJi^^- 1 dw&'Dw 

+ EEE p ( ! ’^)' E ?(D W = d w ) 

iej 2 j£j 2 keK, 2 d w ev w 

+ EEE p (^)- E n D w = d w ) 

ieis jeJz d w ev w 



( 5 ) 
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Shortages only occur if the available inventory is not enough, i. e. only 
for i £ If which are defined as If (and respectively) without in- 
ventory levels beyond d(^ ax . On the other hand, only demands from 
range T>w = [max{i + 1, 1}, d™ x \ lead to backorders. For the retailer, 
a backorder may occur also in the case D\y = 0 if qri > i. The retailer 
orders exactly the quantity qR if the demand Dr is large enough such 
that the retailer’s net inventory falls down from k to sr. Using mod- 
ified state sets (now considering an overall demand D\y 4- qR at the 
warehouse), the probability of a retailer backorder can be calculated as 
follows: 

P{Br) = Y Y P (*0',A:) • Y Y P(dw,d R ) 

iei i jeJi k£lCl d W £V w d w &v R 

+ Y Y Y p (*o',*) • y Y p( d w,d R ) ^ 

i€l . 2 2 dw^'Dw 

+ YYY p ^^^ k )- Y Y p(dw,d R ) 

*eX 3 je Ji k&lc 3 d w ev w d w ev R 

with V w = [max{i -q R + 1, 0}, d^ x ] and V R = [k- s R , d^ ax ]. 

4 An Extended Model for Critical-Level Policies 

With an additional dimension of the state space that registers the num- 
ber of backordered replenishments of the retailer, the model can be 
extended to consider a critical inventory level c that should be reserved 
for the important customer; see for example [4], [3]. Without partial 
backordering, the retailer is only served from a physical stock equal 
to or larger than qR + c. This increases the service level that can be 
offered to important customers. 
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1 Introduction 

Supply Chain Management (SCM) to effectively integrate various facil- 
ities and partners, such as suppliers, manufacturers, distributors, and 
retailers is the key to yield the competitive advantage for the compa- 
nies. Nowadays, integrated supply chain management is possible due 
to advances in information technology. Despite these advances, it is 
still difficult to achieve the best supply chain performance without the 
coordination among members of a supply chain, because different fa- 
cilities and partners in the supply chain may have different, conflicting 
objectives (see for instance [4]). 

We consider a two level supply chain model in a newsvendor’s problem. 
First, we shall show a property on the supplier’s share of the supply 
chain’s expected profit in a buyback contract where the retailer is risk- 
neutral. Second, we discuss the effect of the attitudes toward risk of 
the retailer on the coordination in a supply chain. Most of the pre- 
vious literature assume the retailer is risk-neutral. But recent studies 
indicate that the risk-averse approach in SCM plays a very crucial role 
in achieving a better supply chain performance. For example, Wang et 
al.[5] studied about the risk-averse newsvendor order at a higher sell- 
ing price. Zhang et al. [7] analyzed the supply chain coordination of 
loss- averse newsvendor with contract. Keren and Pliskin [2] studied a 
benchmark solution for the newsvendor problem where the retailer is 
risk-averse, in which the demand distribution is uniformly distributed. 
We study this problem in a more general setting; using the utility func- 
tions representing the retailer’s preferences, the optimal order quantity 
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placed by a risk-averse retailer is compared with that of a risk-neutral 
retailer under the wholesale price contract and the buyback contract 
respectively. We also derive interesting properties between the retailer’s 
order quantity and the Pratt’s risk aversion function in the wholesale 
price contract and the buyback contract in a special case where both 
the demand function and the retailer’s utility function are exponential. 



2 Models Where the Retailer is Risk-Neutral 

In these models, the retailer must choose an order quantity before the 
start of a single selling season that has stochastic demand. Let D > 0 
be the demand occurring in a selling season. Let F be the distribu- 
tion function of demand and / its density function. F is differentiable, 
strictly increasing and F( 0) = 0. 

The notation we use is as follows: c the production cost per unit; w 
the supplier’s wholesale price per unit; p the retailer’s selling price per 
unit; b the supplier’s buyback cost per unit; v the salvage price for 
unsold item per unit at the end of the season; D demand;and Q the 
order quantity. 

2.1 Wholesale Price Contract Model 

Under wholesale price contract, the supplier charges the retailer w per 
unit purchased. The retailer gets a salvage value v per unit unsold. It is 
reasonable to assume v < w. When the retailer is risk-neutral, he/she 
wishes to maximize his/her profit function 77^" ^(Q), 

rQ coo 

n i ™ ) (Q)= / \pD + v(Q-D)-wQ]f(D)dD + / (p-w)Qf(D)dD 
Jo Jq 

= (P~ w)Q - (p - i/) [ Q F(D) dD. (1) 

Jo 

The retailer’s optimal order quantity Q ^ is 

Q ( r - f-' (^) • w 

On the other hand, the supply chain’s expected profit is 

n^\Q) = n^ ] \Q)+nf\Q) = {p-c)Q-{p-v) [ Q F(D)dD, (3) 

Jo 
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Then the supply chain’s optimal order quantity is: 



<?2?* = r-' ■ (4) 

Since Q { R ] * = F” 1 < Qsc* = F~ 1 {^) when w > 0 the 

wholesale price contract does not coordinate the supply chain if the 
supplier earns a positive profit (see, for more detail[l]). 



2.2 Buyback Contract Model 

An obvious explanation for a buyback contract is risk-sharing; that is, 
the retailer returns the unsold products to the supplier or the supplier 
offers a credit on all unsold products to the retailer [6] . With the buy- 
back contract, the supplier charges the retailer w per unit and pays b 
per unit unsold item at the end of the season. In our model, we as- 
sume that all unsold units are physically returned back to the supplier, 
and b > v so the supplier salvages those units. The retailer’s expected 
profit, II y R (Q), under this buyback contract is 



n£ ] (Q) = f 0 Q [pD + b(Q -D)- wQ}f(D) dD + (p - w)Qf(D) dD 

= (p- w)Q ~(p~b) J 0 Q F(D) dD. (5) 

The retailer’s optimal order quantity is, 



q{b ] * = F -i 



p — w\ 
P~b ) ' 



( 6 ) 



The supply chain’s expected profit is 

n^(Q) = n { R B \Q) + I7 { s B \Q) = (p-c)Q-(p-v ) [ Q F(D)dD, (7) 

Jo 

which is maximized at 



QSC' = ^ (ybiO ' (8) 

From Eqs. (6) and (8), there exists b* = pF'-^+vip-w) g^,^ ^hat 

hf R ~ Vs — HSC • 

Observe that 
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n[ B) {Q) = (w - c)Q - ( b * - v) f 0 Q F(D) dD=^E§ n ( sc(Q) 

and 

d_ f n ( s B \Q) \ = [QF{Q)-f? F(D)dD] , _ , 

dQ \IJ I ' S ^}(Q) ) (P- c )[(p-c)Q-(p-v) J 0 Q F{D)dD] 2 '' 

Then we have 

Theorem 1. 

1. For b = b* = PdL’-c)+u( P -w) ' the SU ppU er ’ s share of the supply 

P c 

chain’s expected profit is the same (equals to regardless of 

the order quantity Q. 

2. if b < b* , the supplier’s share of the supply chain’s expected profit is 
increasing in the order quantity Q. 

3. if b > b* the supplier’s share of the supply chain’s expected profit is 
decreasing in the order quantity Q. 

Note that , for b=b*, the pie (the supply chain’s profit) is maximized 
at 

3 Models Where the Retailer is Risk- Averse 

Let u{x) be the utility function which represents the retailer’s prefer- 
ences. Assume that u{x) is strictly increasing and twice continuously 
differentiable at all x, then u'(x ) > 0 for all x. 

As is well-known, the decision maker is risk- averse if and only if her 
utility function is concave. In what follows, assume that the retailer is 
risk- averse. Thus u"(x) < 0 for all x. According to [3], a measure of 
risk aversion to indicate the extent that the decision maker wants to 
averse the risk is r(x) = —u ,, (x)/u'(x). 

3.1 Wholesale price contract model 

The retailer’s expected utility is 

rQ r oo 

Eu r2(Q)= / u]pD + v(Q-D)-wQ]f(D)dD+ / u[(p-w)Q]f(D)dD. (9) 
Jo Jq 

Let Q^Ya* be the solution which maximizes Eu^J(Q). Then observe 
that 
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»Eur2 (<3 



(W)i 

R 



dQ 



- < —(p ~ v)v! (p - w)Qft ] 
+ (p - w)v! ( p - w)Q^ ] ^ * 

a*® (og?*) 

dQ 



p — w 

p — V 
= 0 



(10) 



Since — qq^ is a decreasing function, we obtain 

Theorem 2. The optimal order quantity for a risk averse retailer is 
less than or equal to that of a risk neutral one; that is, Q^j* < 



A Special Case 

Assume that the retailer’s utility function is u(x) = —e~ kx , where k is 
a positive number and that the random demand for the item follows 
an exponential density function, f(D) = Xe~ XD . Therefore, the risk 
aversion function is: r(x) = k. Noting that 



n (W)* _ 

b: R,a ~ 



1 



kp — ku + A 



In 



ip ~ v){kp — kw + A) 
\(w — u) 



( 11 ) 



we have 



Theorem 3. The more risk-averse the retailer is, the less the order 
quantity is. That is, the order quantity decreases as k increases. 



3.2 Buyback Contract Model 

The retailer’s expected utility is 

pQ roo 

Eu rI(Q)= u\pD + b{Q-D)-wQ]f(D)dD+ / u[{p-w)Q]f{D)dD. ( 12 ) 
Jo Jq 

Let Qf; be the solution which maximizes Eu^ a {Q). Then we have 

Theorem 4. The optimal order quantity for a risk-averse retailer is 
less than or equal to that of a risk neutral one; that is, Q^l* < Q^* ■ 



A Special Case 

Under the same assumptions as a special case in 3.1, we have 

Theorem 5. The more risk-averse the retailer is, the less the order 
quantity is. That is, the order quantity Qr* is decreases as k increases. 
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4 Conclusions 

We have derived a property on the supplier’s share of the supply chain’s 
profit in a buyback contract. Then we explored some fundamental prop- 
erties of the order quantity of risk-averse retailer. In particular, we can 
conclude that the optimal order quantity of a risk-averse retailer is less 
than or equal to that of a risk-neutral one, and so the supply chain 
performance in the risk-averse is worse off than that in the risk-neutral 
case. Furthermore, the more risk-averse the retailer is, the less the per- 
formance of the supply chain is. Therefore, if there is a significant risk 
aversion in a supply chain then our findings would suggest that some 
care to be given to the retailer’s order quantity in order to maximize 
the system’s profit. 
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1 Einleitung 

Zum Design logistischer Systeme sowie zur Planung und Kontrolle lo- 
gistischer Prozesse ist es notwendig, messbare Kenngrofien zu deren 
Beurteilung heranzuziehen sowie qualitative und quantitative Rela- 
tionen zwischen diesen KenngroBen einschatzen zu konnen. Fiir die 
Darstellung funktionaler Zusammenhange zwischen wichtigen Kenn- 
grohen und deren graphische Umsetzung in Form von Kurvenverlaufen 
wird irn ingenieurwissenschaftlichen Bereich der Begriff der “logisti- 
schen Kennlinie” verwendet. In ihrer Monografie “Logistische Kennli- 
nien” beschreiben die Autoren P. Nyhuis und H.-P. Wiendahl [2] unter 
anderem, wie sich ein solcher Zusammenhang fiir die Kenngrofien rnitt- 
lerer Bestand und mittlerer Lieferverzug in einem einstufigen Lagersys- 
tem approximativ ableiten lasst. In mehreren Arbeiten erweitern Inder- 
furth und Schulz (siehe unter anderem in [1]) diesen Ansatz dahinge- 
hend, dass sie eine Methodik zur exakten Ableitung der Lagerkennlinie 
erarbeiten und diese dem approximativen Ansatz nach Nyhuis und 
Wiendahl gegeniiberstellen. 

In diesern Beitrag soli die exakte Methodik auf ein mehrstufiges Lager- 
systern erweitert werden, womit an theoretische Aspekte der mehrstufi- 
gen stochastischen Lagerhaltung (siehe unter anderem in Tempelmeier 
[3]) angeschlossen wird. Dazu soil irn folgenden Abschnitt der Modell- 
rahrnen kurz erlautert und die Extrempunkte der exakten Kennlinie 
(Maximalwerte von mittlerem Bestand und mittlerem Lieferverzug) 
bestimmt werden. Der Verlauf der Kennlinie zwischen den Extrern- 
punkten steht irn Mittelpunkt der Analyse des dritten Abschnitts, 
bevor die Arbeit irn letzten Kapitel kurz zusammengefasst und ein Aus- 
blick auf zukiinftige Forschungsrichtungen gegeben wird. 
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2 Festlegung der Extrempunkte der Kennlinie 

In diesem und dem nachsten Unterpunkt soil die exakte Kennlinien- 
analyse von Inderfurth und Schulz auf ein mehrstufiges Lagersys- 
tem erweitert werden. Es wird als Modellrahmen ein serielles zweistu- 
figes Lagersystem ohne Lieferzeiten zugrundegelegt, das aus einer Vor- 
und einer Endstufe besteht. Das Lager der Endstufe sieht sich einer 
zufalligen konstanten Nachfragerate gegeniiber und wird dabei durch 
Bestellungen beirn Vorstufenlager aufgefiillt. Das Vorstufenlager muss 
den Bestellungen der Endstufe nachkommen und wird selbst durch 
einen stets lieferfahigen Lieferanten versorgt. Beide Lager werden mit 
einer (t,S )~ Regel disponiert, bei der nach Ablauf einer Kontrollperi- 
ode t das Lager auf den disponiblen Bestand S aufgefiillt wird. Die 
Bestellgrenzen, welche irn Folgenden fur Vor- und Endstufe mit 
bzw. S E bezeichnet werden, konnen dabei unabhangig voneinander 
festgelegt werden. Um die Mehrstufigkeit des Systems angemessen zu 
beriicksichtigen, werden die Bestellintervalle beider Lager miteinander 
gekoppelt und irn Folgenden beispielhaft durch die Relation t) = 2 • t E 
miteinander verkniipft. Durch diese Relation kommt es innerhalb einer 
Kontrollperiode der Vorstufe zu folgenden Ereignissen. Zu Be- 
ginn der Kontrollperiode liegen die physischen Bestande auf beiden 
Lagerstufen bei S l bzw. S E Einheiten, was gleichzeitig bedeutet, 
dass samtliche in vorherigen Kontrollperioden verursachte Fehlmen- 
gen getilgt wurden. Nach Ablauf der ersten Kontrollperiode der End- 
stufe t E , in der eine stetige Kundennachfrage das Lager der Endstufe 
kontinuierlich verringert, erhoht das Endstufenlager seinen disponiblen 
Bestand auf S E Einheiten, in dem es beirn Lager der Vorstufe eine 
entsprechende Bestellung aufgibt. Da nicht imrner geniigend Einheiten 
irn Vorstufenlager vorhanden sein miissen, kann es durchaus vorkorn- 
men, dass zu Beginn der zweiten Kontrollperiode des Endstufenlagers 
der physische Lagerbestand nicht bei S E Einheiten liegt. 

Zur Berechnung der Extremwerte der Lagerkennlinie werden zur Ver- 
einfachung der Analyse noch folgende Annahmen gemacht. Die Nach- 
fragerate der Kunden in jedern Kontrollintervall t E kann lediglich 
zwei Auspragungen annehmen, eine hohe (mit r a bezeichnet) und 
eine niedrige (mit r u bezeichnet). Zur Auswertung der moglichen Be- 
st andsverlaufe miissen stets zwei konsekutive Teilzyklen der Endstufe 
mit der Lange t E untersucht werden, die zusammen dem Bestellzyklus 
der Vorstufe f' entsprechen. Daraus folgt, dass unter den gewahlten 
Annahmen insgesamt vier verschiedene Nachfrageszenarien ausgewer- 
tet werden miissen, die in Tabelle 1 aufgefiihrt und mit I bis IV 
gekennzeichnet sind. 
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Table 1 . Nachfrageauspragung in den Teilzyklen der Nachfrageszenarien 





1. Teilzyklus 


2. Teilzyklus 


Nachfrageszenario I 
Nachfrageszenario II 
Nachfrageszenario III 
Nachfrageszenario IV 


niedrige Nachfrage 
niedrige Nachfrage 
hohe Nachfrage 
hohe Nachfrage 


niedrige Nachfrage 
hohe Nachfrage 
niedrige Nachfrage 
hohe Nachfrage 



Eine Kennlinie weist stets zwei Extremwerte auf, den maximal mogli- 
chen mittleren Lieferverzug L max sowie den maximal moglichen rnitt- 
leren Bestand B max . Analog zur Analyse von Inderfurth und Schulz in 
[1] konnen diese beiden Punkte durch eine Gewichtung der Kenngrofien 
aller moglichen Szenarien errechnet werden. Dabei gilt es zu beachten, 
dass die Lagerstande beider Stufen fur die Berechnung des mittleren Be- 
standes genutzt werden, wahrend nur die Fehlmengen auf der Endstufe 
in den mittleren Lieferverzug eingehen. Der maximal mogliche rnittle- 
re Lieferverzug L max ist genau dann zu beobachten, wenn in keinern 
Nachfrageszenario ein Bestand irn System vorliegt. Dies wird unter den 
gegebenen Annahmen fur ein mehrstufiges System durch die Bestell- 
grenzen S’' = S E = 0 erreicht. In Abbildung 1 sind alle vier poten- 
tiellen Nachfrageszenarien fiir die Nachfragedaten r u = 5 und r Q = 10 
sowie fiir ein Kontrollintervall t E = 1 beispielhaft dargestellt. Der ma- 
ximal mogliche mittlere Bestand B max , der gerade den Punkt signa- 
lisiert, bei dem das System keinen Lieferverzug aufweist, wird unter 
den gegebenen Annahmen durch die Bestellgrenzen S x = S E = t E r 0 
erreicht. Die vier potentiellen Nachfrageszenarien zur Bestimmung von 
Bmax sind in Abbildung 2 dargestellt. 

Nach Auswertung der einzelnen Nachfrageszenarien fiir beide Extrem- 
werte konnen folgende Ergebnisse ermittelt werden, wobei mit r die 
mittlere Kundennachfrage pro Periode bezeichnet wird: 

tE 



Ln 

B„ 



= t; 



= t E ■ r + 2 • (r D — r) . 



(1) 

(2) 



Vergleicht man die Lage der Extrempunkte mit dem einstufigen Fall aus 
[1], wird man feststellen, dass sowohl L max als auch exakt doppelt 
so grofi sind wie irn einstufigen Fall. Nachdem die exakte Ermittlung der 
Extrempunkte der Lagerkennlinie fiir ein serielles zweistufiges Lager- 
systern bei unsicherer Nachfrage in diesern Kapitel vorgestellt wurde, 
konzentriert sich das folgende Kapitel auf den Verlauf der Kennlinie 
zwischen diesen beiden Punkten. 
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Fig. 1. Bestandsverlauf zur Be- Fig. 2. Bestandsverlauf zur Be- 

rechnung von L max rechnung von B max 



3 Exakter Verlauf der Lagerkennlinie 

Im Gegensatz zur Extremwertberechnung weist die Ermittlung des ex- 
akten Verlaufs der Lagerkennlinie im mehrstufigen Fall einen gravieren- 
den Unterschied im Vergleich zum einstufigen Fall auf, der die ex- 
akte Analyse erheblich erschwert. Hierbei handelt es sich urn die 
Tatsache, dass keine eineindeutige Zuordnung eines mittleren Liefer- 
verzugs zu einern mittleren Bestand vorgenommen werden kann, da 
nun zwei unterschiedliche Bestellgrenzen das Systemverhalten deter- 
minieren. Durch Variation der beiden Bestellgrenzen lasst sich im 
mehrstufigen Fall fiir unterschiedliche Parameterkombinationen aus S' 1 
und S E unter Umstanden der gleiche mittlere Bestand beobachten. 
Allerdings weisen diese Kombinationen trotz eines identischen mitt- 
leren Bestands iiblicherweise einen anderen mittleren Lieferverzug auf. 
Da dieses Charakteristikum der mehrstufigen Kennlinienanalyse eine 
Vielzahl von Kennlinien fiir einen bestimmten Artikel zulasst, soil im 
Folgenden lediglich die sogenannte effiziente Kennlinie herausgearbeitet 
werden. Diese ist dadurch gekennzeichnet, dass fiir jeden beliebigen 
mittleren Bestand B (mit 0 < B < B max ) der minimal mogliche mitt- 
lere Lieferverzug bestimmt wird. Bei einer genauen Analyse der ef- 
fizienten Kennlinie ergeben sich die folgenden, generell giiltigen Eigen- 
schaften. Die effiziente Kennlinie kann in zwei Abschnitte unterteilt 
werden, die im Folgenden mit A und B bezeichnet und in Abbildung 3 
fiir das im letzten Kapitel vorgestellte Beispiel prasentiert werden (mit 
f = 7,5). Fiir alle Punkte auf der effizienten Kennlinie in Abschnitt 
A gelten die folgenden Bestellgrenzen: S'' =0 und 0 < S E < t E r 0 . In 
Abschnitt B liegen die Bestellgrenzen aller effizienten Parameterkom- 
binationen in den Intervallen: 0 < < t E r a und S E =t E r 0 . 
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Fig. 3. Die effiziente Lagerkennlinie im mehrstufigen Fall 



Nachdem die effiziente Kennlinie naher analysiert wurde, soil nun ver- 
sucht werden, den Kennlinienverlauf mithilfe einer mathematischen 
Funktion exakt zu beschreiben. Um den Kennlinienverlauf zwischen 
den Extrempunkten L max und B max exakt zu bestimmen, muss die 
Kennlinie in bis zu fiinf Teilbereiche (L \ und L 2 fiir Abschnitt A 
sowie A 3 bis A 5 fiir Abschnitt B) unterteilt werden. Fiir jeden dieser 
Teilbereiche lasst sich dann in Abhangigkeit der Systemparameter ein 
geschlossener Ausdruck ermitteln. 



L(B) = 



Li fiir S v = 0 

L 2 fiir S v = 0 

L 3 fiir 0 < S v < t E {2r u — r a ) 

L 4 fiir max(0, t E ( 2 r u — r a )) < S v < t E r u 
L 5 fiir t E r u < S v < t E r 0 



t E r„ 



0 <S E <t h 
<S E <t 






S E = t E r 
S E = t E r 
S E = t E r 



O 



o 



Die einzelnen Teilabschnitte unterscheiden sich nach dem Auftreten 
von Fehlmengen in den einzelnen Nachfrageszenarien. So tritt beispiels- 
weise im ersten Teilbereich L\ in alien vier Nachfrageszenarien eine 
Fehlmenge auf, wohingegen im fiinften Teilbereich A 5 nur im Nach- 
frageszenario IV eine Fehlmenge zu beobachten ist. Eine Besonder- 
heit bei der Analyse sind der dritte und vierte Teilbereich der exak- 
ten Kennlinie. Sollte r u grofier als r Q / 2 sein, muss der dritte Teilbe- 
reich fiir die exakte Kennlinie ausgewertet werden. Ist diese Bedingung 
nicht erfiillt, kann bei der Ermittlung des Kennlinienverlaufs direkt 
vom zweiten zum vierten Teilbereich iibergegangen werden. Auf eine 
beispielhafte Auswertung des mathematischen Zusammenhangs soli an 
dieser Stelle verzichtet werden, da die einzelnen Teilbereichsfunktio- 
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nen, in die auch die Wahrscheinlichkeiten fur das Auftreten der un- 
terschiedlichen Nachfrageraten eingehen, sehr komplexer Natur sind. 



4 Schlussbetrachtung und Ausblick 

Die vorliegende Arbeit thematisiert die exakte Bestimmung der Lager- 
kennlinie, die bisher nur fiir einstufige Lagersysteme analysiert wurde, 
fur ein serielles zweistufiges Lagersystem. Dabei konnen die Extrern- 
werte der Kennlinie L max und B max analog zu einem einstufigen Sys- 
tem ermittelt werden. Beirn exakten Verlauf der Kennlinie zwischen den 
Extremwerten kann allerdings nicht vollstandig auf die Methodik fiir 
ein einstufiges System zuruckgegriffen werden, da aufgrund der Bestell- 
grenzen und S E fiir einen bestimmten mittleren Bestand je nach Pa- 
rameterkonstellation mehrere mittlere Lieferverzuge beobachtet werden 
konnen. Es ist allerdings moglich, fiir jeden mittleren Bestand den rni- 
nimalen Lieferverzug zu ermitteln, urn darnit die sogenannte effiziente 
Kennlinie aufzuspannen. 

Der in dieser Arbeit vorgestellte Modellrahmen kann in vielerlei Hin- 
sicht erweitert werden. So konnte zum Beispiel in zukiinftigen For- 
schungsarbeiten versucht werden, die angenommene Relation zwischen 
den Kontrollintervallen der beiden Stufen zu verallgemeinern, so dass 
gilt: f' = n ■ t E . Ebenso ist es moglich, die effiziente Kennlinie bei 
Vorliegen mehrerer Unsicherheitsquellen (wie stochastische Lieferzeit 
und Liefermenge) sowie bei stetigen Wahrscheinlichkeitsverteilungen 
fiir die einzelnen Quellen der Unsicherheit in einem mehrstufigen Lager- 
system zu ermitteln. Aufierdem konnte die Untersuchung fiir andere 
Dispositionsregeln als die (f,5)-Regel vorgenommen werden. Schliefilich 
besteht eine weitere herausfordernde Aufgabe darin, die vorgenommene 
Analyse auf komplexere mehrstufige Systeme mit konvergierender oder 
divergierender Struktur auszudehnen. 

References 

1. Inderfurth, K. und Schulz, T. (2007) Zur Exaktheit der Lagerkennlinie 
nach Nyhuis und Wiendahl. In: Otto, A. und Obermaier, R. (Hrsg.) Lo- 
gistikmanagement. Gabler , Wiesbaden, S. 23-49. 

2. Nyhuis, P. und Wiendahl, H.-P. (2003) Logistische Kennlinien, 2. Aufl., 
Springer , Berlin. 

3. Tempelmeier, H. (2005) Bestandsmanagement in Supply Chains, Books 
on Demand , Norderstedt. 



Setup Cost Reduction and Supply Chain 
Coordination in Case of Asymmetric 
Information 



Karl Inderfurth and Guido Voigt 

Otto-von-Guericke University Magdeburg, Faculty of Economics and 
Management, 

fkarl . inderfurth, guido .voigtl@ovgu.de 

1 Motivation 

The model utilized in this paper captures a supply chain planning prob- 
lem, in which the buyer asks the supplier to switch the delivery mode 
to Just-in-Time (JiT). We characterize the JiT mode with low order 
sizes. The buyer faces several multidimensional advantages from a JiT- 
delivery, which we aggregate to the buyer’s holding costs per period. 
Hence, if the buyer faces high holding costs she is supposed to have 
high advantages from a JiT-delivery, and vice versa. On the other hand, 
smaller order sizes can cause an increase of the supplier’s setup and dis- 
tribution costs. In our modelling approach, the supplier’s setup costs 
per period reflect these disadvantages. Yet, it is well known that small 
order sizes are not sufficient for a successful implementation of the JiT 
concept. Setup cost reduction, thus, is regarded to be one main facilita- 
tor for JiT to be efficient. Our model depicts the need for accompanying 
process improvements by the supplier’s option to invest in setup cost 
reduction (see [4]). From a supply chain perspective, an implementation 
of a JiT strategy will only be profitable, if the buyer‘s cost advantages 
exceed the supplier's cost increase. Yet, this is not always the case. The 
supplier, thus, may have a strong incentive to convince the buyer to 
abandon the JiT strategy, i.e. to accept higher order sizes. However, the 
buyer is supposed to be in a strong bargaining position and will not be 
convinced unless she is offered a compensation for the disadvantages of 
not implementing the JiT strategy. Yet, as long as pareto improvements 
are possible, the supplier can compensate the buyer while improving 
his own performance. Nonetheless, the above-mentioned advantages of 
a JiT strategy contain to a major extent private information of the 
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buyer. Thus, they can not be easily observed and valued by the sup- 
plier. The buyer, thus, will apparently claim that switching towards 
higher order sizes causes substantial costs and that a high compensa- 
tion is required. Assuming the strategic use of private information, it is 
in the supplier’s best interest to offer a menu of contracts (see [1]). Ba- 
sically, this menu of contracts aligns the incentives of the supply chain 
members such that a buyer with low advantages of a JiT delivery will 
agree upon higher order sizes than a buyer with high advantages of this 
supply mode. However, the incentive structure provided by this menu of 
contracts causes inefficiencies, because the resulting order sizes are too 
low compared to the supply chain’s optimal solution. Starting from this 
insight, our main focus in this study is to analyse the impact of invest- 
ments in setup cost reduction on this lack of coordination. Summing 
up, there are basically two streams of research (namely the inefficiencies 
due to asymmetric information and the optimal set-up cost reduction 
in an integrated lot-sizing decision) this paper combines. 



2 Outline of the Model 

This paper analyses a simplified Joint-Econonric-Lotsizing model (see 
[2]). In a dyadic relationship, composed of a buyer (B) and a supplier 
(5), the buyer decides upon the order lotsize (Q) from her supplier. 
Let / denote the setup costs for each delivery incurred by the supplier. 
These setup costs are a decision variable for the supplier’s decision 
problem. The cost for reducing the setup costs from its original level 
fmax by f max - /,v/ > fmin > 0 are captured by the investment 
function k(f). The investment k(f) leads to a setup cost reduction 
over the whole (infinite) planning horizon. Hence, the supplier faces 
costs of r ■ k(f ) in each period, where r denotes the company specific 
interest rate. The buyer faces holding costs h per item and period. 
The demand is, without loss of generality, standardized to one unit 
per period. Hence period costs equal unit costs. As the supplier’s full 
information about all JiT related advantages of the buyer is a very 
critical assumption we study a situation in which the supplier can 
only estimate these advantages. We formalize this estimation with a 
probability distribution pi (i = 0 ,...,«) over all possible holding cost 
realizations hi ( hi < hj V i < j; i, j = 0, ...,n) that is assumed to be 
common knowledge. For simplifying forthcoming formulas we addition- 
ally define: po = 0 and ho = 0. Let the indices AI and FI refer to the 
situation under asymmetric information and full information, respec- 
tively. The supplier minimizes his expected cost by offering a menu of 
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contracts Q AI ,T AI (i = 1,... , n), where T AI denotes the buyer’s com- 
pensation for accepting higher order sizes. However, for analyzing the 
impact of setup cost reduction on supply chain coordination it is not 
necesssary to present details on the amount of these side payments. 
The incentive scheme provided by the menu of contracts ensures that 
the buyer facing holding costs hi chooses the order size Q AI as long as 

hi + (hi - hi-i) ■ Ylt=oPt/Pi < + (hj - hj-i) ■ Ylt=oPt/Pj v * = 

l,...,n — l;j = 2 , ...,n;j > i holds. Please refer to [3] for a detailed 
discussion of the model characteristics and assumptions. 



3 Coordinating the Supply Chain Through Setup Cost 
Reduction? 

If the supplier faces no asymmetric information, he knows with cer- 
tainty the buyer’s holding costs hi. In this situation, the supplier will of- 
fer the supply chain optimal order size Q FI = y^2 ■ ff 1 /hi, Mi = 1, ..., n 
which is the well known economic order quantity. The optimal order 
size under asymmetric information is Qf 1 = \J 2 • f AI / (hi + <f>i),Mi = 

1, ...,n with (j)i = ( hi-hi-i)-J2 l t=lPt/Pi > M i = 1, ...,n. In the following, 
we will show that there is an overinvestment due to asymmetric infor- 
mation, i.e. f A T < ff 1 , Mi = l,...,n. As 4>i > 0 , Mi = 1 ,...,n holds, it 
follows directly that the well-known downward distortion of order sizes 
(i.e. Qf 1 > Qf 1 , Mi = 1, ...,n) is prevalent if setup reduction is possi- 
ble. We refer for a derivation and discussion of this menu of contracts 
to [3]. 

Overinvestment due to asymmetric information: Next, we show that 
asymmetric information leads to an overinvestment in setup cost re- 
duction. We restrict our analysis to a convex investment function k(f). 
Let MR{fi) AI = VT hi + cfi) / (2 • U ) and MR(fi) FI = y/W (2 ' fi) 
denote the marginal revenues (i.e. cost savings) for reducing the setup 
cost level fi. The marginal costs MC(fj) = — r ■ dk j^ for reduc- 
ing the setup cost level fi are the same under asymmetric and full 
information. If the optimal setup cost levels f AI and ff 1 are inte- 
rior solutions, they can be computed from MC(fi) = MR(fi) AI and 
MC(ff) = MR(fi) FI , respectively. Otherwise, the optimal setup cost 
level is a corner solution (i.e. f m i n or f max )- Comparing the marginal 
revenues under asymmetric and under full information, we find that 
MR AI (fi ) > MR FI (fi),Mi = 1 holds. The downward distortion 
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of order sizes due to asymmetric information, thus, increases the ben- 
efits from setup cost reduction. 



Fig. 1 . Overinvestment in case of a convex investment function. 

Figure 1 depicts the case of (i) a monotonically decreasing TM - curve 
of total marginal cost savings and (ii) a monotonically increasing TM- 
curve, where = MR(fi) — MC(fi). If the TM - curve is not 

monotonic at all, there are multiple interior solutions. However, the 
argumentation in this situation can either be reduced to case (i) or (ii). 
In case (i), all setup cost levels which are higher than the root of the 
TM - curve cause a loss, as the marginal revenues are smaller than the 
marginal costs. The root of the TM- curve, thus, is a cost maximum 
instead of a cost minimum and the optimal setup cost levels are cor- 
ner solutions, i.e. f AI and f FI are either f m i n or fmax. However, as 
the marginal revenues of setup cost reduction are higher under asym- 
metric information (i.e. MR AI > MR FI ) the setup cost level may be 
distorted, i.e. f FI = f max > f min = f AI . Figure l(i) depicts this case. 
Please note, that it can be shown that the analysis for a concave or 
linear investment function reduces to this case, see [3]. In case (ii), the 
root of the TM - curve is a cost minimum. As the marginal revenues 
increase due to asymmetric information we observe again an overin- 
vestment in setup cost reduction (see figure 1 (ii) ) . 

As such, one can summarize that there is always the possibility of an 
overinvestment in setup reduction, regardless of the actual shape of the 
investment function. Yet, it is not obvious if the coordination deficit 
(i.e. the performance gap between supply chain optimum and screening 
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